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Abstract

We present AgentLens, a trajectory-level eval-
uation framework for interactive code agents,
built from production-informed tasks and in-
tegrated into continuous regression testing.
Most code-agent benchmarks reduce a run to
a single bit—did the task pass?—but the peo-
ple who actually use these agents experience
the entire trajectory: how the agent follows
instructions, uses its tools, verifies its own
work, recovers from mistakes, and talks to
them along the way. AgentLens evaluates
that whole trajectory, pairing formal verifica-
tion with LLM-written trajectory reviews and
side-by-side comparisons, so that each run
yields a readable explanation of the final score.
Apart from ranking models, AgentLens can
be used to diagnose model behavior, compare
successive versions of agents, and catch prod-
uct regressions in an evaluation pipeline. We
release AgentLens at https://github.com/
agent-lens/agent-lens-bench.

1 Introduction

Most coding agent benchmarks ask one question:
did the agent finish the task (Jimenez et al., 2024;
Merrill et al., 2026)? For a research leaderboard, a
single pass/fail bit is often enough, but for a coding
assistant that developers use all day it misses most
of what matters. A run can pass a narrow check
yet still be unreliable, overconfident, unpleasant to
work with, or subtly misaligned with what the user
asked for; conversely, a run that fails the final check
may still have localized the bug correctly, used its
tools safely, and recovered gracefully along the
way. The problem is sharpest for tasks with no
natural binary outcome, such as writing project
documentation: the useful question is not whether
a file appeared on disk, but whether the document is
accurate, appropriately scoped, readable, grounded
in the codebase, and helpful to its readers.
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Our benchmark, AgentLens,' keeps this struc-
ture visible by evaluating complete trajectories
rather than final states alone. A trajectory is the
full record of a session: messages from the (sim-
ulated) user, the agent’s replies, its tool calls, file
edits, command executions, verification attempts,
the final response, and the final repository state.
AgentLens treats this record as the primary ob-
ject of evaluation, using textual judge reviews
as the main artifacts and formal verification as
complementary objective checks wherever they
exist. We built it because existing benchmarks
did not match what we needed to know: some
lacked realistic user interaction, some collapsed
everything to a binary or final-state outcome, and
some used tasks too simple or too far from the
day-to-day work of a coding assistant. Our main
contributions in this work are: (1) a benchmark
for interactive code agents; (2) a trajectory-level
evaluation protocol that combines formal verifi-
cation with LLM judge reviews; (3) side-by-side
reviews for model comparison, feature evaluation,
and regression analysis; (4) an open-source release
of the benchmark code at https://github.com/
agent-lens/agent-lens-bench.

2 Related Work

AgentLens builds on three lines of work: code
and software engineering (SWE) benchmarks, in-
teractive tool-use environments, and LLM-as-judge
evaluation. Early benchmarks evaluate isolated
programming tasks against unit tests; repository-
level ones move closer to real engineering, with
SWE-bench resolving real GitHub issues (Jimenez
et al.,, 2024) and SWE-agent showing that the
agent-computer interface matters (Yang et al.,
2024). These primarily measure final-state reso-
lution; AgentLens instead keeps formal verifica-
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tion where available and adds trajectory-level re-
view of instruction following, tool discipline, val-
idation, recovery, and communication. LLMs as
multi-step agents are evaluated in external environ-
ments, across diverse tasks (Liu et al., 2024), large
real-world API sets (Qin et al., 2023), and web
or computer control (Zhou et al., 2024; Xie et al.,
2024). Closest to us, 7-bench evaluates tool-agent-
user interaction with a simulated user given a role
and a hidden goal (Yao et al., 2024) and Terminal-
Bench tests CLI agents on realistic tasks (Merrill
et al., 2026); AgentLens borrows this for coding
assistants, generating user behavior from a per-
sona and task objective so each trajectory can be
reused for flexible cross-agent comparison. Agent-
Board further evaluates multi-turn agents through
fine-grained progress measures (Ma et al., 2024),
while AgentEval derives application-specific cri-
teria for assessing agent utility (Arabzadeh et al.,
2024). MT-Bench and Chatbot Arena show that
side-by-side comparisons enable scalable evalua-
tion of open-ended behavior (Zheng et al., 2023);
HELM-Instruct extends LLM-based evaluation to
five-dimensional absolute ratings (Zhang et al.,
2024), while Agent-as-a-Judge evaluates intermedi-
ate agent behavior with an agentic evaluator (Zhuge
et al., 2024). AgentLens scores trajectories per di-
mension and attaches a written, evidence-grounded
review, so a low score can be traced to poor tool
use, weak verification, misleading claims, instruc-
tion violations, or unpleasant interaction; reviews
are summarized to find the most frequent failure
modes. Relative to these approaches, AgentLens
pairs trajectory reviews with task-specific formal
verifiers, supports pairwise comparison of complete
trajectories, and integrates the same evaluation into
CI regression testing.

3 AgentLens

In AgentLens, adding a task requires a target repos-
itory (pinned to a commit), a task description for
the user simulator, and a verification setup for
the formal metrics; verifier categories are listed
in Appendix Table 10. New judge metrics can be
added when a fold targets a specific behavior; a test-
generation fold, for instance, can score mocking
strategy with a test-specific metric.

Task Set and Runs. We release a set of 16
coding-agent scenarios run with two user personas
(see below), 32 trajectories per agent. The com-
pact task set is designed for repeated evaluation

in an agent-development workflow. AgentLens
uses LLM judges that review complete trajecto-
ries rather than final outcomes alone, capturing
strengths and failure modes that binary evaluation
can miss. The low run-to-run variance we report
below suggests this compact setup is stable in ag-
gregate. The dataset is organized around work-
flows, each specifying a task objective and a se-
quence of instructions and interaction steps. We
obtained these from interviews in which program-
mers walked us through work done that day or the
day before, with follow-up questions to recover
the actions involved (inspecting code, editing files,
searching documentation, running tests, debug-
ging, reviewing changes), weighting recent work-
flows more heavily. Data also includes production-
derived scenarios built from anonymized usage
summaries of chats from consenting users. We
worked only with anonymized summaries of con-
versations, extracting coarse tags (language, tech-
nology, task type, application domain); this privacy-
preserving step is similar in spirit to Clio, which
clusters assistant conversations to surface usage
patterns without exposing raw data (Tamkin et al.,
2024). We clustered tag vectors with k-means and
inspected large clusters not yet represented in the
benchmark (Appendix B); for each, a programmer
picked a matching open-source project, generated
a candidate scenario, and revised it for realism and
verifiability.

User simulator personas. Since the user is it-
self an LLM, we can vary its temperament and
watch how robust an agent is to different interac-
tion styles. We use three personas as controlled
trajectory-generation conditions rather than cali-
brated models of developer behavior: the default is
a relaxed user who does not proactively help and
intervenes only on clear evidence of failure; the
helpful cooperatively points out visible mistakes
and offers concise guidance; and the foxic is mildly
frustrated and occasionally impolite, yet still pre-
serves the task objective and never gives misleading
instructions. The released fold pairs each scenario
with the default and toxic personas, testing whether
an agent can finish under both sparse feedback and
mildly adversarial conditions, while the helpful per-
sona is available for studies of agents that benefit
from in-loop guidance.

Can we trust an LLM to grade other LLMs?
Human annotation of long coding trajectories is
not an obvious gold standard: each item requires
reading a lengthy trace and applying a multi-page
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rubric, making consistent annotation difficult to
achieve. Still, we compared GPT-5.4 trajectory
scores with three human annotators, who indepen-
dently labeled 39, 39, and 36 trajectories, respec-
tively. We report annotators separately to avoid
conflating judge agreement with annotator-specific
score calibration. As shown in Table 1, QI-level
rank correlations range from 0.611 to 0.779, but
per-dimension agreement is substantially more un-
even. End Result and Tool Calls show the clearest
alignment with human judgments, while Instruc-
tion Compliance, Pitfalls, and Pleasantness show
considerably weaker agreement. These results are
broadly consistent with prior work supporting the
reliability of LLM-based evaluation, e.g., (Zheng
et al., 2023).

Formal verification. Each trajectory receives
formal checks wherever they apply: tests, regular-
expression checks, repository-state checks, and
task-specific validators (see Table 10). These give
objective evidence about specific requirements but
cannot evaluate interaction quality, instruction com-
pliance, misleading validation, unsafe tool use, or
partial coverage of a requirement. Reviewing the
full trajectory also blunts reward hacking: an agent
can satisfy a binary check via brittle shortcuts, skip-
ping validation, or misreporting the final state, but
this behaviour stays visible in the review.

LLM-as-judge metrics. Each trajectory is re-
viewed by LLM judges along five dimensions:
(1) ENDRESULT looks at the final outcome only,
measuring completeness and fitness for purpose
with respect to the user’s request; (2) INSTRUC-
TIONCOMPLIANCE checks whether the agent fol-
lowed the user’s explicit rules, requested steps, or-
dering constraints, and meta-instructions, indepen-
dently of how good the final outcome was; (3) PI1T-
FALLS catches the fixable behavioral failures that
hinder the user: tool misuse, non-productive loops,
premature completion, missing validation, work-
flow instability; (4) PLEASANTNESS captures user-
facing interaction quality: clarity, accuracy, con-
ciseness, helpfulness, and whether the session
feels productive and non-disruptive; (5) TOOL-
CALLS assesses tool-use quality: tool choice, ar-
gument correctness, success or failure, recovery
from tool errors, and efficient versus futile calls.
Each dimension yields a score and a written review
citing the trajectory evidence behind it (see Ap-
pendix F.1). Raw trajectories are preserved; only
oversized tool-call arguments and responses are
truncated for judge input, and action summaries

score mean: .62

11 of 32 reviews judged the end result fit for purpose,
typically where the change stayed narrowly scoped and
was backed by passing targeted verification ... The most
common weakness was partial completion rather than
total failure: 7 reviews said required documentation or
schema work was incomplete ... 5 reviews found the de-
livered code state itself unusable or contradictory to the
claimed outcome ... and 7 more flagged unreliable vali-
dation/reporting, e.g. final reports claiming green tests de-
spite recorded spotless:check and enforcer:enforce
failures [R3], [R10].

Figure 1: A condensed slice of one judge review.

supplement rather than replace the interaction his-
tory. Scores have an ordinal scale (for PITFALLS,
0/0.5/1 for miserable/tolerable/good), and each re-
view ends with evidence lines of the form Aspect
| Severity | Evidence. Aggregated across a
run, reviews are summarized into one report where
hyperlinks such as [R1] point back to trajectory
locations of each problem (see Appendix H and
excerpt in Fig. 1).

Deterministic telemetry. For every run we
also collect statistics (interaction cost, cache hit
rate, latency, termination reason, generation-token
throughput) and tool-use telemetry (mean parallel
tool calls, mean tool calls per chat, per-tool success
rates). These quantify efficiency and operational
reliability independently of subjective judgment.

Taken together, the metrics separate outcome
quality from process quality, which matters be-
cause agents fail in different ways: one reaches a
good answer inefficiently, another follows instruc-
tions but fails verification, a third misuses tools,
and a fourth produces something useful through an
unpleasant interaction.

Quality Index. AgentLens reports the individ-
ual metric scores and a single quality index (QI),
the unweighted mean of the components—the five
judge metrics plus formal verification: Q(a) =
‘—Al/” Y omen Sm(a), where sp(a) € [0,100] is
agent a’s score on metric m. QI is a deliberately
simple summary rather than a learned or externally
validated utility function; we use equal weights to
avoid introducing additional tuning.

We also inspect correlations between metric ag-
gregates across systems. The raw correlations (Ta-
ble 2) are uniformly positive—stronger systems
score higher on several dimensions at once—so
they mostly confirm a broad “quality factor” rather
than revealing redundancy.
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Annotator 1 (n = 39)

Annotator 2 (n = 39)  Annotator 3 (n = 36)

QI 0.779/0.645
End Result 0.668/0.610
Instruction Compliance 0.045/0.044
Pitfalls 0.411/0.381
Pleasantness 0.331/0.314
Tool Calls 0.467/0.422

0.681/0.557 0.611/0.514
0.655/0.577 0.267 /0.245
0.161/0.153 0.321/0.286
0.168 /0.157 0.246/0.221
0.337/0.308 0.356/0.324
0.583/0.543 0.447/0.398

Table 1: Rank agreement between GPT-5.4 and human annotators. Each cell reports Spearman p / Kendall 7.

QI End Form. Instr. Pitf. Pleas. Variant p Max. AR Metric Self Opp.

End [.89 No Formal 997 1 Pleasantness 11 0

Form. .66 .60 No End Result .994 1 End Result 7 3

Instr. | .95 .88 51 No Instr. Compl. 1.000 0 Tool Calls 7 2

pitf. .99 .88 .66 .94 No Pitfalls .998 1 Instr. Compl. 3 2

Pleas. .97 .79 62 89 .95 No Pleasantness  .992 2 Pitfalls 1 0
Tools .87 .63 34 82 .84 .88 No Tool Calls .988 2
Formal only 709 6

Table 4: Self-preference flips:

Table 2: Raw Pearson correlations between
aggregate metrics (n =
excluded due to provider-side instability).

157 comparisons, GPT-5.5 and

16; Kimi K2.6 Table 3: Rank sensitivity of QL pis gynnet 4.6 judges.
Spearman correlation with the full-

QI ranking; AR is the maximum ab-
solute rank change.

We test QI sensitivity with leave-one-component-
out ablations (Table 3). The top two configurations
remain unchanged in every ablation; removing In-
struction Compliance preserves the full ordering,
while removing Tool Calls causes the largest top-
five shift. Removing formal verification changes
only positions five and six among the top six,
whereas formal verification alone yields a substan-
tially different ranking (p = 0.709). Leave-one-
out stability shows that the leaderboard ranking
does not depend strongly on any single component;
this stability may partly reflect overlapping signal
across correlated components.

Side-by-Side Reviews. AgentLens also supports
side-by-side comparison of two trajectories from
the same scenario, which we use when absolute
scores do not explain a practical difference be-
tween agents. For each task instance, the pairwise
judge compares two agents on the same request.
It receives both trajectories plus the independent
single-trajectory reviews for the dimension under
comparison (instruction compliance, tool use, end-
result quality, etc.), and is told to stay within that
dimension and not re-derive the reviews; the prior
reviews are the primary evidence, with raw trajec-
tories consulted only to verify concrete details such
as a tool call or error message. This anchors both
agents to the same evidence and reduces positional
bias (checked below; prompt in Appendix F.2). The
judge outputs a short explanation, evidence lines

(Aspect | Winner | Severity | Evidence),
and an integer score; severity is relative—the gap
between the agents, not how bad either is—so iden-
tical failures score a tie.

Score variance. To estimate run-to-run vari-
ance, we repeated the same GLM-5.1 (self-hosted)
configuration five times—strong enough to com-
plete many scenarios but shaky enough to expose
variance. QI had mean 67.28 and standard devia-
tion 0.94 on a 0-100 scale. Most of that variance
came from formal verification, not judge scores: a
component-level decomposition attributed 60.5%
to formal verification, then Pitfalls (18.1%) and
End Result (16.2%), so repeated runs mainly ex-
pose unstable task completion on borderline sce-
narios. At the scenario level (Figure 3), of the 32
scenario—persona points 15 passed all five runs, one
failed all five, and 16 were flaky—variance concen-
trates in a few unstable points rather than spreading
uniformly, making repeated evaluation useful for
pinpointing nondeterministic or fragile scenarios.

To assess repeatability beyond a single configu-
ration, we additionally analyzed repeated runs for
six configurations. Sample QI standard deviations
(n = 4, n — 1 denominator) were 0.886 (GPT-5.5),
1.264 (Sonnet 4.6), 2.197 (Gemini 3.1 Pro Preview),
2.499 (DeepSeek V4 Flash), 0.585 (DeepSeek V4
Pro), and 1.972 (Opus 4.7).

Side-by-Side Positional Bias. To test sensitivity
to presentation order, we ran an order-swap test:
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for agents A and B we compare A as Agent 1
/ B as Agent 2 against the reverse. Orienting
scores as Agent 2’s advantage, perfect antisym-
metry gives s(A4,B) ~ —s(B,A); per metric
we report effect = (s(A,B) — s(B, A))/2 and
residual = (s(A, B) + s(B, A))/2. Table 5 re-
ports a close same-model GLM-5.1 pair and a high-
contrast Opus—Haiku pair (Haiku in no-thinking
mode); all five metrics keep their direction after
swapping and residuals are small, although this
two-pair test should be read as a sanity check rather
than evidence that positional bias is negligible in
general.

Judge Self-Preference. LLM judges can favor
outputs from their own model family, especially for
closely matched systems. We compared GPT-5.5-
vs-Sonnet-4.6 trajectories twice, once with each
model as judge, and the two judges picked differ-
ent winners in 23% of task-metric comparisons,
asymmetrically: in 18% each preferred the agent
from its own family and in 5% the other agent. Half
of this self-favoring bias comes from Pleasantness
alone (Table 4); the average shift between judges
is about 4% of the full pairwise range. Both judges
still prefer GPT-5.5 on average, so the judge choice
changes preference strength and borderline deci-
sions, not the average winner. The primary leader-
board in Table 6 uses GPT-5.4 as the judge; be-
low, we re-score it with Sonnet 4.6 to test whether
judge choice affects the leaderboard ranking (Ap-
pendix A).

Production Pipeline. AgentLens is wired di-
rectly into our agent-development workflow: a can-
didate version is run on the benchmark set, produc-
ing trajectories, formal-verification results, metric
reviews, aggregate scores, and side-by-side com-
parisons against a baseline.

CI benchmark workflow. A continuous inte-
gration pipeline (Fig. 4) runs the evaluation: a
preparation stage selects manual, nightly, or weekly
mode, and the benchmark stage runs the tasks in
parallel across language- and IDE-specific environ-
ments, producing raw traces merged into a unified
dataset. From it, the pipeline computes the met-
rics and a report with both metric values and judge
reviews (Appendix H). It also detects regressions
by comparing the current run against an anchor
(supplied for manual experiments, automatic for
scheduled ones): statistically significant degrada-
tions are flagged and notify maintainers, with both
reports saved to experiment tracking (see “Qualita-
tive Analysis” and Appendix I).

Model QL F E I Pi PI T

Harness: Claude Code
76.2 81.2 91.0 69.0 58.0 78.0 80.0

Opus 4.7 (xhigh)

Sonnet 4.6 70.1 90.6 80.0 62.0 55.0 75.0 58.0
Haiku 4.5 63.6 84.4 78.0 58.0 48.0 58.0 55.0
Harness: EA
Opus 4.7 81.5 81.2 94.0 75.0 64.0 92.0 83.0
GPT-5.5 73.0 75.0 78.0 70.0 55.0 80.0 80.0
Sonnet 4.6 70.2 81.2 66.0 62.0 56.0 73.0 83.0
GLM-5.1 self-hosted 67.3 72.5 71.8 57.4 53.2 75.8 73.0
DeepSeek V4 Flash  64.8 87.5 73.0 50.0 50.0 66.0 62.0
DeepSeek V4 Pro 64.1 87.5 66.0 53.0 48.0 69.0 61.0
GLM-5.1 60.6 80.6 60.0 53.0 48.0 61.0 61.0
Haiku 4.5 58.2 75.0 72.0 55.0 47.0 47.0 53.0
Gemini 3.1 Pro Preview 54.5 71.9 62.0 52.0 41.0 50.0 50.0
Gemini 3 Flash 52.7 75.0 66.0 48.0 41.0 39.0 47.0
MiniMax 2.7 50.8 70.0 52.0 47.0 38.0 43.0 55.0
Qwen 3.6 Plus 49.1 65.6 58.0 45.0 39.0 42.0 45.0
Mimo V2.5 Pro 45.1 62.5 50.0 38.0 32.0 36.0 52.0
Kimi K2.6* 28.1 42.9 29.0 33.0 19.0 21.0 24.0

Table 6: Leaderboard on the 32-trajectory Java bench-
mark; best per column in bold; QI: quality index; F:
formal pass rate; LLM-judge means: E (End Result), /
(Instr. Compl.), Pi (Pitfalls), P/ (Pleas.), T (Tool Calls);
*see Qualitative Analysis.

Extensibility. The benchmark is not tied to a
single agent or IDE: CLI agents plug in through
a lightweight Python adapter, and IDE assistants
through integration interfaces (e.g., a specialized
AgentEngine interface for IntelliJ IDEA plugins).
Although this work focuses on Java, the benchmark
adapts readily to other languages; we open-source
support for IntelliJ] IDEA and PyCharm and plan
to extend to more IDEs and languages.

4 Evaluation

Leaderboard. As one application of AgentLens,
we construct a leaderboard on Java coding-assistant
tasks using two harnesses: our own Explyt Agent
(EA) and Claude Code. Table 6 reports perfor-
mance: a score reflects the model together with
its provider, agent loop, tool interface, and execu-
tion policy. Values are percentages, rows sorted
by QI, single-run reviews by GPT-5.4. We use
high reasoning effort where supported unless noted;
OpenAl and Anthropic models use their official
providers, GLM-5.1 (self-hosted) runs locally, the
rest via OpenRouter. Further details on model ver-
sions, providers, decoding settings, context han-
dling, and run configuration are provided in Ap-
pendix D. Close QI differences should be inter-
preted in light of the repeat-run variability reported
above.

Leaderboard Robustness to the Judge. The
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Figure 2: Spearman rank correlation between our Quality Index (QI)
and per-benchmark scores from Artificial Analysis (Kimi excluded,

OpenRouter-served GLM).

leaderboard in Table 6 uses GPT-5.4 for its LLM-
judge components, which shares a model family
with one of the evaluated systems, so the stand-
ings could depend on that choice. We re-scored
all 17 configurations with Sonnet 4.6 on the same
trajectories, changing only the judge (Appendix A).
Sonnet 4.6 scores every configuration higher, by
10.4 QI points on average (range 4.4 to 16.3), yet
the ordering barely moves: Pearson » = 0.970 and
Spearman p = 0.980. We find no aggregate same-
family advantage: the six Anthropic configurations
have a slightly worse mean rank under Sonnet 4.6
than under GPT-5.4 (5.67 vs. 5.33).

Model Behavior Case Study. The reviews are,
in our opinion, more important than raw scores.
Looking across the full benchmark, we highlight
several anomalies and close calls that help explain
why models differ.

Gemini 3.1 Pro Preview underperforms rela-
tive to its frontier status, and the report shows
the problem is agent-loop reliability: workflow-
control failures (“skipped or merged steps,” “pre-
mature edits/tests before approval”), validation
failures (“claimed all checks passed despite ac-
tual failures”), and editing failures (“stale-patch or
destructive-edit loops,” “brittle bulk replacements
or sed that corrupted code”). High capability did

not lead to a dependable agent loop (Appendix H).

DeepSeek V4 Pro vs. Flash is a tie that hides a
tradeoft: Pro is more controlled, with compliance
advantages on step gating, pauses, formatting, and
file boundary control (Appendix I), while Flash has
over 2x throughput, which lets it complete more
work and more often end in a passing state. Similar

0.05 -0.25 041 Metric sap ssa Eff. Res.
0.34 -0.11 -0.32

046702 H04 B Res GLA(/)I_iSéI VS6G2€M_50'120 0.01

o O OB Ins. Cmp. —0.02 —0.06  0.02 —0.04

oo Mo Pitfalls 0.00 0.00 0.00 0.00

00 I Pleas. 0.01 —0.03 0.02 —0.01

019 0241 Tool Calls —0.04  0.02 —0.03 —0.01
-0.33 -0.28

035 0.18 Opus 4.7 vs. Haiku 4.5

o15| EndRes. —0.39 0.35 —0.37 —0.02

029 Ins. Cmp. —0.42 0.39 —0.40 —0.02

s Pitfalls ~ —0.43 0.43 —0.43 0.00

Pleas. —0.50 0.52 —0.51 0.01

Tool Calls —0.48 0.41 —0.44 —0.03

®@°°

Table 5: Order-swap sanity check: a
same-model and a high-contrast pair.
Eff.-/Res. are the antisymmetric model-
difference and order-sensitive compo-
nents; sap=s(A, B), spa=s(B, A).

QIs can thus reflect very different strategies, and
we expose the trade-off rather than hiding it.

EA vs. Claude Code on Haiku shows a gap
likely in part due to Claude Haiku’s familiarity with
Claude Code, which shows up in an unusually low
edit_file success rate for EA (0.66 vs. 0.93) and
in pitfall analysis that significantly favors Claude
Code (metrics_value = 0.1812, p = 0.038):
EA “more often makes poorly grounded or brittle
changes and presents weaker verification.” For the
stronger Opus 4.7, though, EA comes out ahead.

EA vs. Claude Code on Opus is a tie on outcomes
(“no meaningful separation,” formal verification at
26 vs. 26), but the reviews still favor EA for be-
ing “more consistent at finishing changes cleanly
and verifying them,” while Claude Code has opera-
tional risk: “file/path and tool-contract errors,” “se-
rious misses of explicit user constraints,” a “routing
blast-radius regression,” a “leftover workspace mu-
tation,” and the only timeout. Here the edit_file
success rate reverses the Haiku pattern: Claude
Code Opus is lower (0.92 vs. 1.00).

GPT-5.5 vs. Opus 4.7 is between procedural
compliance and semantic reliability. GPT-5.5 of-
ten handles the explicit protocol better, but re-
views note that Opus has higher “requirement
coverage and final fitness,” fewer route regres-
sions, and stronger validation discipline, penal-
izing GPT-5.5 for “verification without cover-
ing changed branches,” “unsupported root-cause
claims,” “missed affected tests,” or marking a task
done “despite not reproducing the failure.” In short,
GPT-5.5 follows the task form while Opus pre-
serves the task intent.
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Qualitative Analysis. The reviews are most use-
ful when they catch something a score alone gets
wrong. We show two cases. First, Kimi K2.6 sits
dead last in Table 6, inviting the obvious reading
that it is a weak coding agent. The ToolCalls review
says otherwise: the dominant failure is not reason-
ing but a malformed-argument parsing problem on
the OpenRouter side (the same JSON-wrapper mis-
take repeated across tools), and once the arguments
are flattened the agent uses its tools successfully
(Example 1 in Appendix G). The second exam-
ple comes from the nightly pipeline. During a
weekly regression run, a race condition in paral-
lel tool calling left little trace in the final answer,
but the side-by-side Pitfalls review pinned it to a
concrete crash: because AgentLens exposes the
termination reason alongside the full trajectory, the
judge attributed the degradation to the harness—an
explicit ConcurrentModificationException—
rather than vaguely noting that output had gotten
worse (Example 2 in Appendix G).

Correlation with Public Benchmarks. Fig-
ure 2 shows Spearman rank correlations between
QI and every Artificial Analysis (AA)? evalua-
tion reporting scores on current models. Eleven
qualified, including the agentic APEX-Agents-AA,
GDPval-AA, Terminal-Bench Hard, and 72-Bench
Telecom. AA also aggregates them into an Intelli-
gence Index (AA composite, AAC). Mimo V2.5 Pro
and Gemini 3.1 Pro Preview are higher on AAC
than on QI (rank gaps +4.9, +3.8; 90% bootstrap
Cls [+3.4,46.4], [+2.4,+5.1]), consistent with
optimization toward AA-style academic and rea-
soning evaluations. Claude Opus 4.7, Sonnet 4.6,
and DeepSeek V4 Flash show the opposite (rank
gaps —3.4 to —3.9, ClIs strictly negative): they
handle long-horizon IDE work better than the com-
posite credits, with most of the gap in IFBench and
72-Bench Telecom, where Claude models score be-
low their overall agentic quality. For GPT-5.5 and
DeepSeek V4 Pro, the two rankings agree.

We see that, first, QI tracks an axis of quality
that does not collapse to any single AA evaluation,
and second, the rank-gap residuals systematically
split between models trained for evaluation-style
competence and models built for sustained tool
use. The matrix in Fig. 2 shows that public evalua-
tions correlate strongly with one another, while QI
agrees with agentic benchmarks and disagrees with
reasoning and instruction-following ones.

Zhttps://artificialanalysis.ai/

5 Conclusion

We presented AgentLens, which evaluates code
agents through evidence-linked trajectory reviews
and formal verification. It captures user-visible
quality that binary success metrics miss, and since
every score comes with a written, evidence-linked
review, it also supports diagnosis, feature evalua-
tion, and nightly product-regression detection for a
deployed assistant. In future work, we plan integra-
tions for more coding agents (e.g., Codex, Open-
Code); in AgentLens, CLI agents connect through
the execution interface and IDE assistants through
the IDE integration layer. It is organized into task
folds (e.g., test writing has its own verifiers and met-
rics), so we plan to grow the benchmark by focused
task families and to extend support to more Jet-
Brains IDEs such as Rider and WebStorm. Overall,
agentic coding benchmarks remain undersaturated
though rapidly growing, and we hope AgentLens
fills a currently vacant niche.

6 Limitations

We note several limitations. First, AgentLens eval-
uates a specific class of coding-agent tasks, not
general model intelligence, and the present release
is Java-only. The present Java fold serves as a
demonstration of the methodology rather than ev-
idence of generalization to unseen repositories or
other languages. The current personas cover only
a limited range of interaction behavior; extending
evaluation to user models that provide incorrect or
contradictory feedback remains future work. Sec-
ond, several evaluated models are accessed through
third-party providers (e.g. OpenRouter), so latency,
routing, versioning, and availability are outside our
control; the DeepSeek Pro-vs-Flash case illustrates
this, as a 2x throughput difference under a fixed
budget means some leaderboard differences reflect
serving conditions as much as model quality. Third,
cost is non-trivial: a single Opus 4.7 run can ex-
ceed $100. Another limitation is that AgentLens
was originally built around our own coding assis-
tant, which may make some tasks or integration
assumptions more natural for it; we mitigate this
by releasing the benchmark and reporting exam-
ple trajectory reviews, but broader external use is
needed to assess neutrality. Pairwise comparisons
may also inherit errors from the underlying single-
trajectory reviews, which serve as their primary
evidence. Finally, future work should study how
QI relates to downstream developer outcomes.
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A Leaderboard Under a Sonnet 4.6 Judge

Table 7 gives the per-configuration results of the
judge swap discussed in Section 4: the leaderboard
of Table 6 re-scored with Sonnet 4.6 in place of
GPT-5.4 on the same trajectories.

Model QI(; QIS A Re Rg
Harness: Claude Code
Opus 4.7 (xhigh) 762 81.0 +4.8 2 2
Sonnet 4.6 70.1  76.1 +6.0 5 7
Haiku 4.5 63.6 746 +11.0 9 9
Harness: EA
Opus 4.7 815 859 +44 1 1
GPT-5.5 73.0 787 +5.7 3 4
Sonnet 4.6 70.2 80.5 +10.3 4 3
GLM-5.1 self-hosted 673 783 +11.0 6 5
DeepSeek V4 Flash 648 76.6 +11.8 7 6
DeepSeek V4 Pro 641 759 +11.8 8 8
GLM-5.1 60.6 728 +122 10 10
Haiku 4.5 582 688 +10.6 11 12
Gemini 3.1 Pro Preview 545 70.8 +16.3 12 11
Gemini 3 Flash 52.7 61.8 +9.1 13 15
MiniMax 2.7 50.8 660 +152 14 13
Qwen 3.6 Plus 49.1 63.1 +140 15 14
Mimo V2.5 Pro 45.1 56.1 +11.0 16 16
Kimi K2.6 28.1 39.0 +109 17 17

Table 7: Judge swap on identical trajectories. Subscripts
give the judge, G for GPT-5.4 and S for Sonnet 4.6; OI:
quality index; R: rank across all 17 configurations.

B Benchmark Tasks

Table 8 lists three of the production-usage clusters
produced by the k-means procedure described in
Section 3, each with the tags that characterize it
and a short natural-language description. They il-
lustrate the kind of real, multi-step coding work
the released scenarios are drawn from—test refac-
toring, legacy-to-Java database migration, and API
documentation and DTO cleanup.

C Reliability and Pipeline Figures

Figure 3 reports the per-scenario stability of formal
verification across five repeated runs of the same
configuration, complementing the aggregate vari-
ance figures in the main text. Figure 4 sketches the
nightly continuous-integration workflow that exe-
cutes the benchmark, aggregates metrics, stores
reports in the experiment-tracking system, and
flags regressions through side-by-side comparison
against an anchor run.

Formal verification

passes Distribution Count

0/5
1/5
2/5
3/5
4/5
5/5

N AW =

—_

Figure 3: Formal-verification stability across five re-
peated runs.

Nightly Run Trigger

l

Parallel Benchmark

Exection Dataset Git

Repos +
Docker image

Checkout Repos
Across Task Folds

l

Artifact Aggregation/
Fold Merging

J/ Store benchmark logs

Single-run Evaluation

Experiment
Tracking
System

Store single-run eval

Load current and anchor runs

Side-by-Side
Comparison:
Anchor vs. Current Run

J/ Store Comparison Report
Regression
No
Detected?

Successful Run:
No Signifiant Difference

Failed Run:
Notify Maintainers

Figure 4: Abstract CI workflow: benchmark execution,
metric evaluation, experiment tracking, and regression
detection via side-by-side comparison between the cur-
rent and anchor runs.
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Task family Representative tags Cluster description

Unit testing and test java, testing, junit, springboot, The user is working on a Java project, typically using Spring
refactoring mockito, unittesting, maven, Boot, and needs to establish or improve unit testing. They are fo-
refactoring cused on writing and refactoring tests with frameworks like JUnit
and Mockito, often mocking dependencies such as repositories
or services. Common activities include generating comprehen-
sive test suites, optimizing existing tests, and integrating tests
into build systems like Maven or Gradle. The work emphasizes
ensuring proper test coverage, handling edge cases, and main-
taining clean, maintainable test code.

Legacy database- database, migration, springboot, The user is migrating legacy database logic, typically SQL or Or-
logic migration java, liquibase, sql, jpa, debug- acle functions, into Java code within a Spring Boot application.
ging This involves designing and implementing JPA entities, reposito-
ries, and service layers to replace the database-side logic. A key
component is using Liquibase for database schema changes and
migrations, often to support the new Java structures or seed test
data. Common challenges include debugging migration errors,
resolving constraint violations, and ensuring correct dependency
injection in the Spring context.

API documentation documentation, java, refactoring, The user is working on a Java Spring Boot application, often
and DTO cleanup springboot, openapi, dto, code- dealing with legacy code or existing codebases, and aims to
comments, swagger improve the code quality and clarity for future maintenance. A
primary focus is on enhancing API documentation—particularly
through OpenAPI/Swagger annotations—and ensuring consis-
tent JSON field naming, such as enforcing camelCase in DTOs.
This involves systematic tasks such as adding or refining JavaDoc
comments, standardizing exception handling, and removing out-
dated annotations. The overarching goal is to prepare the code
for refactoring or to align with modern API standards while
maintaining a clear, documented codebase.

Table 8: Examples of production-usage clusters represented by benchmark scenarios.

Model / harness Recorded model ID Version / reference Provider Reasoning setting
Claude Code v2.1.141

Opus 4.7 claude-opus-4-7 — Anthropic xhigh

Sonnet 4.6 claude-sonnet-4-6 — Anthropic high

Haiku 4.5 claude-haiku-4-5 — Anthropic high

Explyt Agent

Opus 4.7 Anthropic/opus-4.7 — Anthropic high

GPT-5.5 OpenAI/gpt-5.5 gpt-5.5-2026-04-23  OpenAl high

Sonnet 4.6 Anthropic/claude-sonnet-4-6  — Anthropic high

GLM-5.1 self-hosted Explyt/GLM-5.1-AWQ HF revision f03d952 Local thinking enabled
DeepSeek V4 Flash deepseek/deepseek-v4-flash V4 Flash 0423 OpenRouter  high

DeepSeek V4 Pro deepseek/deepseek-v4-pro V4 Pro 0423 OpenRouter  high

GLM-5.1 z-ai/glm-5.1 — OpenRouter  high

Haiku 4.5 claude-haiku-4-5-20251001 20251001 Anthropic high

Gemini 3.1 Pro Preview google/gemini-3.1-pro-preview — OpenRouter  high

Gemini 3 Flash Preview google/gemini-3-flash-preview — OpenRouter  high

MiniMax 2.7 minimax/minimax-m2.7 — OpenRouter  high

Qwen 3.6 Plus gwen/gwen3.6-plus — OpenRouter  high

Mimo V2.5 Pro xiaomi/mimo-v2.5-pro — OpenRouter  high

Kimi K2.6 moonshotai/kimi-k2.6 — OpenRouter  high

Table 9: Model and serving configurations used for the leaderboard.
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D Leaderboard Run Configuration

Table 9 summarizes the model and serving config-
urations used for the leaderboard. When an im-
mutable historical snapshot was unavailable, we
report the recorded API alias and, where available,
a model version or catalog label.

Leaderboard entries are based on a single bench-
mark run, except for self-hosted GLM-5.1, whose
score is averaged over five complete runs. For
provider-hosted models, temperature, top-p, top-
k, penalties, and seed were not set by the harness
and provider defaults therefore applied. No ex-
plicit token budget was imposed; context manage-
ment followed the default behavior of the respec-
tive agent harness. Runs used a 900 s response
timeout (1200 s for self-hosted GLM-5.1), a 1200 s
scenario timeout, and at most 10 user messages.

The self-hosted GLM-5.1 configuration used
AWQ 4-bit quantization with group size 128 and
bfloat16, enable_thinking=true, checkpoint de-
faults temperature=1.0 and top_p=0.95, and
a maximum model context of 200,000 tokens;
no explicit seed was set. The primary judge
was OpenAI/gpt-5.4, with high reasoning ef-
fort and max_completion_tokens=25000; tem-
perature, top-p, and seed were left unset.

Judge cost and latency. Across full GPT-5.4
judging runs on the same fold, cost averaged
$0.628 per trajectory (SD $0.028). GPT-5.4 judg-
ing achieved a measured review throughput of
3.51 s/request (SD 0.095) at five-way concurrency.
For the Sonnet 4.6 re-evaluation, judging cost was
estimated at $0.632 per trajectory (SD $0.095), and
measured review throughput averaged 7.9 s/request
(SD 6.1) at the same concurrency.

E Formal Verifier Details

Formal verification complements the LLM-judge
reviews with objective, deterministic checks. Each
scenario specifies a set of verifiers drawn from the
categories in Table 10, and passes formal verifi-
cation only if every verifier passes. Verifiers are
deliberately small and composable, so a new task
usually reuses existing checks; new verifier types
can also be added by implementing a common in-
terface that inspects the final repository state, the
chat, or tool calls and their outputs.

F Sample Judge Prompts

We include representative prompts below; the com-
plete prompts for all single-run and side-by-side
judges used in our experiments are available in
the released repository at https://github.com/
agent-lens/agent-lens-bench.

F.1 Pitfalls single-run judge prompt

r

System prompt. You are a coding expert and an ob-
jective critic. Your work will be checked and judged
later on. Vagueness leads to your death.

User prompt.
<INTERACTION_HISTORY>

Above you have a history of interactions
between a user simulator and an agent.
This history contains additional system
info and system messages that we have
passed to the simulator during the
conversation. Some parts were truncated to
shorten your prompt and the user
simulator's prompt. For example, you might
see

"remaining characters are omitted only
from the User Simulator's prompt..."
message. It means that an original
transcript was truncated only after the
task

was completed.

Tool call responses might contain lists of
errors that occurred during the tool

call: if such a list is empty, it means
that there were no errors (e.g., empty
compilation_errors section for edit_file
tool). The last user message might not

be present in the history: either because
the user decided to terminate the chat

or because a time limit was reached; the
reason is unknown.

Note that this interaction was collected
in a benchmark environment, that differs
from real life situations: for example,
when the agent catches a timeout, it means
that it has probably hit the benchmark
time limit.

Your task is to judge the agent, not the
simulator. So if the task is not achieved
due to user simulator failures, it should
not affect the score you give. Treat the
simulator's actions as a given, even if
they seem suboptimal, and judge the agent
based on how well it responds within that
context.

There might be an <agent_actions_summary>
section in their chat. We append it to
help the simulator understand what the
agent did. As the simulator-agent
conversation progresses, this info gets
updated and appended to the last agent
message sent to the simulator. All
previous information gets dropped from the
previous messages though, so you don't see
them in the given history. This system
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Category Verifier Description
Repository NoChangesVerifier Ensures no files outside an explicitly allowed set were modified, guard-
state checks ing against unintended side effects.

YesChangesVerifier Asserts that a specified set of target files was modified, confirming the

ExactFileMatchVerifier

Regular
expression
checks

ChatRegExpCountVerifier

ChatOrToolRegExpCountVerifier
JavaFileRegExpCountVerifier

NewFileRegExpVerifier

Test execu- JavaRunTestsVerifier
tion

JavaTestCoverageVerifier
Command RunBuildSystemTaskVerifier
output
checks

Static anal- NoFileErrorsVerifier
ysis valida-

tors

agent acted on the correct locations.
Performs line-by-line comparison of project files against reference files;
optionally ignores empty lines and verifies no other files were changed.

Counts regex matches across all assistant messages in the conversation
history.

Extends ChatRegExpCountVerifier to also search tool call argu-
ments and tool responses.

Counts regex matches within Java source files at a given path, with an
option to strip comments before matching.

Checks that at least one newly created file has a path matching the
given pattern.

Runs the project test suite via Maven or Gradle, parses output for
pass/fail/skip counts, and fails if any test does not pass.

Measures and asserts the minimum test coverage for the specified class
in the project.

Executes arbitrary build-system tasks and optionally validates com-
mand output against a regex with a configurable match-count threshold.

Invokes IDE static analysis on a file or directory and fails if any errors
(or optionally warnings) are detected in files of the specified languages.

Table 10: Formal verifier categories and their descriptions. A scenario passes formal verification only if every one

of its verifiers passes.

info consists of:
- a section with a list of compilation
errors from IDE analysis (project
errors);
if empty, there are no compilation
errors in the project;
- all the code diffs made by the agent
(maybe empty);
- the most recent cmd calls (maybe
empty) .

Note that we use a simulator instead of a
real user: it behaves based on character
traits given to it.

Below we've gathered a final summary of
the agent's actions and state of the
project:

<agent_actions_summary>

<AGENT_TRACE>

</agent_actions_summary>

The chat has terminated for the following
reason:

<termination_reason>

<TERMINATION_REASON>
</termination_reason>

<Instructions>

Your task is to act as a precise and
analytical judge of an agent-user
interaction.

Judge the agent (not the simulator) on the
performance dimension 'Pitfalls' only.

Identify and diagnose fixable pitfalls in
the agent's behavior that hindered the
user.

This is about instability patterns and
self-sabotage dynamics (often
harness/tooling/workflow), not end-result
quality.

Extract pitfalls using this rubric. For
each distinct pitfall, provide:

- Category: Logic/Code faults |
Tool/Harness faults | Process/Interaction
faults | Something else

- Severity: low/medium/high

- Frequency: once/repeated

- Evidence: a short quote (tool name +
error text, or a brief message fragment)
- Mechanism: 1 short clause on why this
happened (root cause)

Counting rule (mandatory):

- One behavioral cluster (e.g., a loop of

identical tool calls) counts as at most
one pitfall; if it repeats with the same
root cause, mark it as
Frequency=repeated.

Pitfall burden total (mandatory):

- severity points: low=1, medium=3, high=7
- frequency multiplier: once=x1,
repeated=x2

- Total = sum(severity_points *
frequency_multiplier) across distinct
pitfalls
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Write pitfalls as structured lines so they
can be reused later:

“Pitfall: <free text> | Category: ... |
Severity: | Frequency: ... |

Evidence: | Mechanism: N

Also include one line:
“BurdenTotal=<Total>".
</Instructions>

<Scoring>

Score should be a number from [0, 0.5, 1],
where:

- @ means miserable performance,

- 0.5 means tolerable,

- 1 means actually good.

</Scoring>

Response consists of 2 parts:
- <Review>, 2 to 5 sentences narrative
focused on the metric. After the
narrative,
add 1 to 6 short structured evidence
lines when applicable:
“Aspect: <free text> | Severity:
low/medium/high | Evidence: <short
quote/tool/error>"
Make Aspect-lines concrete and reusable:
they are the main guide for later
aggregation.
Severity is absolute (not delta-based).
- <Score>, the sole final number. Must be
one number and nothing else.

Template:
<Review>
[2-5 sentences]

Aspect: | Severity: | Evidence:

<Score>
[0]0.5]|1]

Provide your response in the requested
format:

F.2 Pitfalls side-by-side judge prompt

System prompt. You are a coding expert and an ob-
jective critic. Your work will be checked and judged
later on. Vagueness leads to your death.

User prompt.

<agentl_trajectory>
<AGENT_1_INTERACTION_HISTORY>
</agentl_trajectory>

<agent2_trajectory>
<AGENT_2_INTERACTION_HISTORY>
</agent2_trajectory>

Above are two chat transcripts (each
between a user simulator and an agent) for
the same task, one per agent, delimited by
<agentl_trajectory> and
<agent2_trajectory> tags. Some parts were
truncated to shorten your prompt and the
user simulator's prompt. For example, you
might see "remaining characters are
omitted **only from the User Simulator's
promptx*..." message. It means that an
original transcript was truncated only
after the task was completed.

<agentl_review>
<PRECOMPUTED_SINGLE_TRAJECTORY_REVIEW_FO
R_AGENT_1>

</agentl_review>

<agent2_review>
<PRECOMPUTED_SINGLE_TRAJECTORY_REVIEW_FO |
R_AGENT_2>

</agent2_review>

The two blocks above, delimited by the
<agentl_review> and <agent2_review> tags,
are precomputed single-trajectory reviews
from another pipeline. They are for the
same task instance, one per agent, both
focused on the same performance dimension.
They were computed independently from the
raw transcripts.

The performance dimension name for these
reviews is 'Pitfalls'.

<Instructions>

Your task is to compare Agent 1 and Agent
2 on the SAME task instance with respect
to the performance dimension 'Pitfalls’.
Use the precomputed reviews
(<agentl_review>, <agent2_review>) as the
primary input to your comparison to avoid
positional bias.

Do NOT introduce new aspects beyond what
is present in those reviews, and do NOT
revise the individual assessments inside
them.

You may consult the raw trajectories ONLY
to verify concrete points mentioned in the
reviews (e.g., a specific tool call, error
message, or key claim), or get the general
context.

Stay strictly on the performance dimension
'Pitfalls'; ignore unrelated aspects.

Do not propose fixes; only characterize
differences with a focus on issues.

Inside the <Comparison> section, end your
text with a short structured breakdown
(1-6 lines) so a summarizer can weigh
severity:

“Aspect: <free text> | Winner: A1/A2/Tie |
Severity (Significance * Degree of
Divergence): low/medium/high | Evidence:
<specific quote/tool/error>"

Start with aspects where Agent 2 is a
winner.
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Keep aspects specific to 'Pitfalls', and
keep evidence concrete and extra short.
You should assess the severity of the
observed differences accurately. Severity
should be determined as the product of the
aspect's Significance and the Degree of
Divergence between agents on that aspect.
If both agents exhibit the same failure
mode, severity should be low even if that
failure is critical in absolute terms.
Severity is about the delta between
agents, not how bad the situation is in
absolute terms. For instance, the
significance of the aspect 'breaking the
repo to a non-recoverable state' is
critical. If both agents break the repo,
but one breaks one module and another
breaks two modules, the divergence is
little. So the overall Severity of this
difference is low.

The Metric-Specific Instructions are
described below. When identifying aspects
to compare, use <agentl_review> and
<agent2_review> as your primary source.
Other aspects are assessed by other
judges, don't steal their work.
<Metric-Specific Instructions>

Focus on identifying and diagnosing
fixable failures in the agents' behavior
that hinder the user (mostly
harness/tooling/workflow issues). This is
about instability patterns and
self-sabotage dynamics, not outcome
quality.

POSITION-INVARIANCE (MANDATORY):

- The *orderx of presentation must not
affect your judgement.

- However, you must keep identity
consistent: any pitfall you list must be
clearly attributed to Agent 1 or Agent 2
and must not "flip"” mid-comparison.

- Write your analysis so that if the
trajectories were swapped, the reasoning
would stay the same and only the final
score sign would flip.

EVALUATION PROTOCOL (follow in this
order):

1) Extract pitfalls separately for Agent 2
and Agent 1 using the same rubric. For
each pitfall provide: Category, Severity
(low/medium/high), Frequency
(once/repeated), and a short evidence
quote (tool name + error text, or a brief
message fragment).

2) Compute pitfall burden totals Total_1
and Total_2 (formula below).

3) Only after step (2), map (Total_1 vs
Total_2) to a score using the
deterministic rules below.

CATEGORIES (use consistent taxonomy):

- Logic/Code faults: demonstrable wrong
code/logic or missing validation that
risks wrong output.

- Tool/Harness faults: tool misuse, wrong
args, inability to recover from tool
errors, patching mistakes, broken
edit_file usage, etc.

- Process/Interaction faults:
misunderstanding requirements,
non-productive loops, poor communication,
premature "done”, ignoring constraints.

- One behavioral cluster (e.g., a loop of
identical tool calls) must be counted as
at most one distinct pitfall. If the same
tool or process error appears two or more
times with the same root cause, it must be
labeled as "repeated” and counted as a
single pitfall with a frequency
multiplier, not as multiple distinct
pitfalls.

KEEP EXAMPLES CONCRETE:

(tool misuse, loops, missing validation,
partial completion, placeholders, poor
communication, self-contradiction,
premature completion, failure to verify).
Emphasize causal mechanisms (why the
failure happens), not just outcomes.

SCORING (SYMMETRIC, FORMULA-BASED):
Compute a pitfall burden score for each
side and derive the pairwise score from
the delta.

A) PITFALL BURDEN SCORING PER AGENT

For each distinct pitfall you listed in
step (1), assign points:

- low =1

- medium = 3

- high = 7

Frequency multiplier:

- once = x1

- repeated/looping/compounding = x2

So each pitfall contributes
(severity_points x frequency_multiplier).
Sum to get totals: Total_1 (Agent 1),
Total_2 (Agent 2).

B) DELTA (deterministic)

Delta = Total_2 - Total_1.

(Positive Delta means Agent 1 is better;
negative Delta means Agent 2 is better.)

C) MAP DELTA TO FINAL SCORE (integer in
[-5..51)

Use |Delta| only to choose the magnitude;
the sign is determined solely by which
agent is worse.

Magnitude table:

- |Deltal <=3 -> 0
-4..6 => 1
-7..10 -> 2
- 11..15 -> 3
- 16..22 -> 4
- >=23 -> 5

Sign rule (STRICT):

- If Delta > @ (Agent 1 better): score
MUST be negative.

- If Delta < @ (Agent 2 better): score
MUST be positive.

- If Delta == @: score = Q.

OUTPUT REQUIREMENT (to enforce symmetry):
At the end of your narrative (before the
structured Aspect lines), include a single
line:

“Totals: A1=<Total_1>, A2=<Total_2>,
Delta=A2-A1=<Delta> => Score=<score>"

CRITICAL:
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- The final score MUST be computed ONLY
from this Totals/Delta line using the
mapping rules above.

- Never mix up agent identities: A1 refers
to Agent 1 trajectory, A2 refers to Agent
2 trajectory.

- Do not use any other "overall
impression”. If your narrative suggests
something else, adjust the pitfall list
and totals until they match.

These numbers must be consistent with your
pitfall list and with the mapping rules
above.

</Metric-Specific Instructions>

Scoring guidelines:
Reserve the |4-5| score range for stark
contrasts: one agent remains stable and
correct, while the other exhibits
cascading errors that destabilize the
repository, gets stuck, or leaves the
result completely unverified. When
differences are clear but non-critical,
use lower scores. Below is an example
specific for Pitfalls and ToolCalls
dimension, where the difference is clear,
but not critical:
- Agent N made a clear tool-handling
error: after list_dir, which dumped
the output to a temporary file, it
attempted to read a different path via
read_file, receiving the warning
"Virtual file does not exist,"” which
created unnecessary friction. Agent M
handled the same "dumped to file”
pattern correctly, read the proper
path, and proceeded without errors.
Aspects:
Temp-file tool handling correctness |
Winner: AM | Severity: low | Evidence:
AN read_file -> "Virtual file does not
exist ..." after list_dir
Non-productive detour after tool error
| Winner: AM | Severity: low |
Evidence: AN made an additional
search_file_by_name call after the
failure
Score given: 1 or -1 depending on who
is N and M
Below is an example specific for Pitfalls
and ToolCalls dimension, where both agents
had issues, but "manual rollback” seemed
more critical:
- Agent N introduced a
workflow-stopping repository break:
multiple edit_file operations
corrupted test code (e.g., turning an
assignment into a stray queryConfig(
line), causing cascaded compile/IDE
errors ("Cannot resolve symbol...",
"', ' expected”) and requiring manual
recovery via git checkout -- ....
Agent M made some incorrect
assumptions and minor requirement
drift, but did not corrupt files or
require rollback, and kept changes
localized.
Aspects:

Manual rollback needed to recover |
Winner: AM | Severity: high |
Evidence: AN git checkout --
...ConfigControllerTest.java /
...ConfigFileControllerTest. java
Cascading compile breakage from tool
misuse | Winner: AM | Severity: medium
| Evidence: AN widespread "Cannot
resolve method 'queryConfig'"” after
edits

File corruption via edits (repo
inconsistent) | Winner: AM | Severity:
medium | Evidence: AN
ConfigControllerTest.java shows
broken queryConfig( line; IDE errors

(R]

"Cannot resolve symbol 'result'"”,

"', expected”
Misleading intermediate claim
(corrected). | Winner: AN | Severity:

medium | Evidence: AM premature
call-site claim later corrected via
.queryConfig( search

Score given: 3 or -3 depending on who
is N and M

Response consists of two parts:
- <Comparison>, 2 to 5 sentences PLUS the
breakdown lines at the end. Avoid primacy
and framing bias. Do not start the
comparison with "Agent 1 " or "Agent 2
.". First describe the concrete
difference in behavior in neutral,
role-free terms (e.g., "One trajectory
shows repeated edit failures due to
missing required arguments, while the
other applies edits without tool errors”).
Only after stating the difference,
explicitly assign Winner: A1/A2/Tie in the
structured breakdown. Keep the narrative
symmetric and avoid framing one agent as
the default reference point.
- <PairwiseScore>, an integer in [-5, 5].
Use negative when Agent 1 is better,
positive when Agent 2 is better.
-5 means Agent 1 is MUCH better and the
difference would feel very severe for
the user. @ means tie/indistinguishable.
+5 means Agent 2 is MUCH better and the
difference would feel very severe for
the user. So the score is symmetric this
way. When setting the score, mentally
check the sign: negative for Agent 1
win, positive for Agent 2 win.

Template:

<Comparison>

[2-5 sentences comparison] +

Aspect: ... | Winner: ... | Severity:
| Evidence:

<PairwiseScore>
[-5..5]
</Instructions>

Provide your response in the requested
format:




G Qualitative Review Examples

These two reviews show why we treat the written reviews, not just the numeric scores, as first-class
benchmark artifacts: in both cases the aggregate score is misleading, and only the review recovers what
actually happened. In Example 1, Kimi K2.6’s last-place TOOLCALLS score is driven almost entirely
by a provider-side argument-serialization bug rather than a reasoning failure. In Example 2, a side-by-
side PITFALLS review attributes a regression to a concrete ConcurrentModificationException crash
surfaced through the termination reason, instead of merely reporting that quality dropped. Bracketed
pointers such as [Ck] and [Rk] link each claim back to the specific comparison or trajectory location it is
drawn from.

ToolCalls_Judge score mean: .24

Malformed tool arguments were the dominant ToolCalls failure: 20 of 21 reviews reported at least one schema/argument
parse error, and 17 of 21 described the same persistent wrapper mistake ({"": {...2}} or deeper nesting) across tools
such as read_file, search_for_text, run_command, edit_file, write_file, list_dir, and GitHub helpers.
Recovery was often weak rather than immediate: 15 of 21 reviews explicitly say the agent retried near-identical
malformed payloads after parser messages named the missing top-level fields, sometimes adding more nesting instead
of flattening the JSON, which drove high futile churn and frequent timeouts.

Despite that, 20 of 21 reviews still recorded some successful tool use once flat JSON was used—e.g. repo reads/searches,
GitHub issue or tag reads, edits/writes, or a passing test/configuration run—so the failure mode was usually contract
confusion rather than tool unavailability.

The practical impact was substantial: 11 of 21 reviews explicitly report blocked end-to-end progress such as no
successful edits, no build/test execution, or no PR/issue analysis completion, and 6 of 21 also note secondary inefficiency
from overly broad scans or huge dumped outputs even when calls succeeded.

Pitfalls_Judge warning: YES judge alert: YES (p = 0.089, metrics_value = 0.152)

The clearest pitfall pattern is verification accuracy: Agent 2 was better in 7 comparisons and
worse in 2, with several serious cases where Agent 1 declared success after failed builds or
incomplete checks ([C1], [C3], [C4], [C13]), while Agent 2’s misses here were lower-severity
overclaims such as [C2] and [C11].

Tool and harness stability was mixed, but the most debug-relevant failures include Agent 2’s
explicit ConcurrentModificationException crash in [C5] and Agent 1’s repeated malformed
tool/edit calls and timeouts, including a 600s timeout in [C12] and broken edit invocations in
[C11] and [C22]; across this group Agent 2 was better in 7 comparisons, worse in 4, with 3 ties.

On self-induced code breakage, Agent 2 was better in 9 comparisons and worse in 2: the
strongest examples are Agent 1 breaking routing or Java file structure in [C3], [C7], [C19],
and [C22], whereas Agent 2’s main losses were narrower regressions such as the bad
setRequestor(...) edit in [C15] and a mock typing mistake in [C25].

On process discipline, Agent 2 was better in 9 comparisons and worse in 3, with repeated
evidence that Agent 1 skipped required stop points or drifted from its own declared plan ([C4],
[C6]1, [C15]1, [C211), while Agent 2’s main opposing pattern was step-skipping of its own in
[C16] and [C17].

By contrast, scope control and root-cause discipline leaned toward Agent 1: Agent 1 was better
in 8 comparisons and worse in 5, driven by multiple high-severity cases where Agent 2 made
speculative fixes without reproducing the bug or broadened contracts beyond the evidence ([C9],
[C10]), plus requirement mismatches in [C18] and [C19].

H Sample Single-Run Report

Gemini-3.1-pro-preview

Workflows
TL;DR
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The agent performs best on narrowly scoped code changes: reviews repeatedly found successful
refactors, targeted migrations, logging updates, and small interface changes when it stayed
within scope and backed the work with focused tests. The main recurring weakness was partial or
misleading delivery—documentation and schema work left incomplete, acceptance criteria covered
only superficially, contract or behavior mismatches, and several tasks ending with a non-green
or internally contradictory repository state despite claims that builds or static checks had
passed. Operationally, about 70% of tasks reached formal verification, but validation was
often narrower than requested, the edit-and-test workflow was unstable enough to trigger
repeated patch/revert loops, and 4 of 32 conversations ended in timeout.

number_of_points

* chats_count: 32

* agent_scenarios_count (tasks): 16
formal_verification_result

e value: 23

* success rate: 0.71875
termination_reason

* User decided to finish the dialog: 28

» Waiting for the agent response timed out after 900s: 4

Tool call success rates

Tool successes/total  success rate
run_configuration  24/32 0.750
edit_file 153/194 0.789
pull_request read 8/8 1.000
read_file 243/243 1.000

EndResult_Judge
e score mean: 9.62

Review

11 of 32 reviews judged the end result fit for purpose, typically where the change stayed
narrowly scoped and was backed by passing targeted verification, such as the password
refactors ([R1], [R27]), ApprovalService documentation pass ([R4]), Spring Boot 3.5.6
migration ([R9], [R20]), and the diagram, test-data, logging, bug-fix, and connector-endpoint
updates in [R12], [R16], [R18]1, [R19], [R23], and [R24].

The most common weakness was partial completion rather than total failure: 7 reviews said
required documentation or schema work was incomplete or insufficiently specific, especially
missing Swagger model annotations or unresolved schema annotations in the TaskTemplate work
([R2]1, [R8], [R26], [R32]) and weaker-than-requested comment/diagram specificity in [R4],
[R14]1, and [R29]; 4 more said tests or observability changes were too weak to enforce the
ticket requirements, including missing sorting/edge-case assertions and non-structured logging
that skipped exception paths ([R15], [R17], [R28], [R31]).

5 reviews found the delivered code state itself unusable or contradictory to the claimed
outcome, due to unresolved compile/static-analysis errors in KafkaConnectService or test
refactors ([R5], [R13], [R25], [R32]) or a claimed comparator fix that was not present in the
final diff at all ([R101).

7 reviews also flagged unreliable validation/reporting: some final reports claimed green tests
or static analysis despite recorded failures like “spotless:check™ and ~enforcer:enforce”
([R3]1, [R1@]), some ran only targeted tests instead of the requested build/module coverage
([R11], [R22]), and some left plugin-resolution warnings or unrelated failing tests
unexplained or unproven as pre-existing ([R6]1, [R9], [R20]).

Public-contract and answer fidelity issues recurred too: one connector change implemented the
wrong external route shape, ~/topics/v2/connectors™ instead of ~/v2/connectors™ ([R21]), and
two Kafka-usage summaries overstated conclusions by ignoring ~GROUP_ID_CONFIG™/~commitAsync()~
semantics or omitting that producer usage was effectively test-only ([R7], [R30]).
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InstructionCompliance_Judge
* score mean: @.52

Review

The dominant InstructionCompliance failure was workflow control: at least 15 of 32 reviews
reported skipped or merged steps, premature edits/tests before approval, or failure to stop at
mandatory checkpoints, including jumping from Step 2 to Step 8, editing during reconnaissance,
and combining post-Step results with the next step in the same message ([R5], [R6]1, [R7],
[R12], [R15]1, [R161, [R18], [R191, [R23], [R29], [R30]1, [R31]).

A second recurring pattern was reply-format noncompliance in at least 14 of 32 reviews,
especially missing ~STARTING STEP N headers, omitting the exact bridge phrase “Moving on to
step 47, starting messages with tool-call dumps, and failing required output contracts such as
code blocks or the exact final phrasing ([R1], [R5], [R1@], [R12], [R14], [R17], [R18], [R20],
[R211, [R24], [R27]1, [R291, [R311).

Required reconnaissance and reporting were also often incomplete: at least 9 of 32 reviews
noted missing affected-file/test lists, merged per-comment plans, skipped method/branch
coverage, missing environment/build-context details, or incomplete final summaries such as
omitting changed-file counts and mandated completion lines ([R3], [R41, [R13], [R21], [R241],
[R25]1, [R27], [R281).

Verification compliance failed in at least 10 of 32 reviews: agents claimed all checks passed
despite actual failures or missing tooling, skipped required call-tree analysis or debug-output
steps, exceeded prescribed retry limits, or ran narrower checks than requested instead of the
full build/test scope ([R3], [R10], [R11], [R13], [R16]1, [R17]1, [R19], [R20], [R22], [R23]).

Several reviews also show direct task-constraint breaches beyond workflow, including editing
forbidden files/tests, changing serialization-related annotations, not using the mandated
migration guide, and only partially implementing requested Swagger/model or typed-return
changes ([R21, [R8], [R91, [R11], [R22], [R261, [R32]).

Pitfalls_Judge
* score mean: 0.41

Review

The most common pitfall was unverifiable or overstated validation, appearing in 13 of 32
reviews: agents reported clean checks after explicit failures or partial evidence, such as
claiming success after “spotless™/ enforcer™ failures ([R3]), saying a bug was fixed without a
matching recorded diff ([R10]), or asserting compile/build success from ambiguous log tails or
without running compile/build at all ([R18], [R22], [R28]).

Workflow discipline was the next major weakness in 11 of 32 reviews, with agents skipping
required step gates or acting before approval—-for example running “mvn clean verify~ and
editing before Step 3/4 confirmation ([R20]), implementing during reconnaissance before the
plan was approved ([R19], [R31]), or jumping straight from early steps to “**STARTING STEP
6/8*x> ([R7], [R15], [R30]).

Tooling misuse and state instability repeatedly amplified failures: 13 of 32 reviews showed
invalid or noisy harness usage ("No configuration with name ..., oversized dumped outputs,
repeated “grep /cat’/ tail® log scraping) [[R2], [R3], [R14], [R16]1, [R23]1], and 10 of 32

escalated into stale-patch or destructive-edit loops involving ~Could not find old_text in

file™, “sed -i°, “git reset --hard’, repeated “git restore™, broken workspaces, or timeouts
[C[R10]1, [R13]1, [R19], [R25], [R32]1].

A separate 12 of 32 reviews involved incorrect problem framing-misreading code, requirements,
or target scope—such as changing guarded control flow ([R6]), validating only unsorted
role/permission sets despite an alphabetical requirement ([R17]), breaking auth by changing a
known-good fixture ([R16]), or describing a ~consumer.commitAsync()" path as non-committing
([R301); 6 reviews also breached explicit constraints or dependencies by adding Swagger
annotations in modules without “io.swagger.annotations™, touching forbidden ~pom.xml, editing
forbidden tests, or making unsolicited commits [[R2], [R4]1, [R8], [R11], [R26], [R321].

Pleasantness_Judge

e score mean: 0.5
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Review

Pleasantness was most often damaged by trust issues: 16 of 32 reviews reported inaccurate,
overstated, or poorly evidenced status claims, including saying builds/tests passed when tool
output showed failures or no full build had run, and claiming files or behaviors were changed
when they were not [[R3], [R5], [R10], [R11], [R18]1, [R22], [R28], [R30]].

A second recurring problem was noisy user-facing communication: 8 reviews exposed internal
reasoning, meta-instructions, or raw tool chatter directly to the user, with examples such as
visible ~94>thought™ blocks and self-talk like “Wait, let’s analyze...” that made the
interaction feel unprofessional and confusing [[R6]1, [R7], [R161, [R23], [R25], [R28]].

Workflow discipline also regularly reduced smoothness: 14 reviews noted unnecessary
confirmation loops, mismatched step labels, edits made before approval, or awkward step jumps
that made progress feel unreliable even when the task eventually succeeded [[R1], [R3], [R9],
[R181, [R19]1, [R291, [R3111.

Execution quality often compounded that friction: 12 reviews described thrashy or risky
operations such as repeated failed edits, broad “sed” replacements, forbidden file changes,
dependency probing, and timeouts/no final response, while 9 reviews separately reported
incomplete delivery or scope drift that forced the user to do follow-up quality control [[R8],
[R13]1, [R191, [R251, [R32]; [R41, [R11]1, [R12], [R181, [R211].

When the interaction was pleasant, the common pattern was simple and consistent: concise
step-based updates, repo-first investigation, limited targeted edits, transparent explanation
of constraints, and concrete verification/results in the final report [[R1], [R14], [R17],
[R211, [R24]1, [R261, [R2711.

ToolCalls_Judge
e score mean: 0.5

Review

Across the 32 reviews, the strongest recurring positive pattern was correct use of repo-aware
discovery and scoped editing tools: many sessions quickly localized the target file or call
site with “search_file_by_name~/  search_for_text /MCP reads, inspected the relevant method
with “read_file™, and landed a clean “edit_file® with no analysis failures (for example [R1],
[R31, [R61, [R111, [R17]1, [R181, [R21], [R22], [R261, [R27]).

The main negative pattern was unstable editing in 11 reviews, typically caused by speculative
changes, stale “old_text™, or unresolved dependencies/symbols rather than grounded file reads:
repeated Swagger annotation failures in modules without the dependency ([R2], [R8], [R26],
[R32]1), wrong-file or wrong-API edits that had to be restored ([R5]), brittle bulk
replacements or “sed” that corrupted code ([R13], [R19]1, [R25]), and edit loops where the
claimed fix did not match the final file state ([R10]).

A second major weakness was inefficient tool selection and verification discipline: 15 reviews
showed avoidable shell-heavy churn (“grep /" cat™/ sed™, repeated ~dependency:tree”,
plugin/formatter invocations after success, or repeated test-file regeneration) instead of
structured read/search/edit tools ([R2], [R5], [R7], [R1@], [R12], [R15], [R16], [R20], [R211],
[R231, [R29]1, [R30], [R31]), and 10 reviews had execution/validation mistakes such as guessed
or wrong “run_configuration™ targets, failure to read dumped outputs, single-test-only
validation when a build was requested, or reporting completion without evidence that the
verified state matched the claim ([R3], [R6], [R1@]1, [R12]1, [R141, [R17], [R22]1, [R24], [R28],
[R311).

Harness-specific behavior was a consistent debugging signal: several agents correctly
recovered from large-output temp-file dumps or flaky IDE-style runners by switching to
“read_file™ and direct Maven commands ([R1], [R41, [R61, [R7]1, [R171, [R21], [R23]1, [R281),
and some apparent IntelliJ/static-analysis failures were likely noise because Maven later
succeeded ([R9]1, [R15]1, [R20], [R281]).

A smaller but important class of regressions came from unnecessary or disallowed workspace
mutations, including editing forbidden files/tests or running risky VCS commands like “git

reset --hard™, “git rebase™, “git clone™, and “git commit™ that were unrelated to the user
request ([R11], [R19]1, [R32], with lower-severity examples in [R4], [R10], [R21], [R23]).

gen_tokens_to_seconds_ratio

e value: 34.77
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tools_call_general_stats
e tools_calls_total: 1299
* tools_calls_per_chat_mean: 40.594
e tool_calls_in_parallel_mean: 1.237
agent_time
* total: 14968
* response qtl (10/50/80/100): 10.00 / 52.50 / 152.00 / 900.00
* chat qtl (10/50/80/100): 142.1@ / 309.50 / 875.20 / 1133.00
agent_price
e total: ***
* response qtl (10/50/80/100): x/*/*/*
* chat qtl (10/50/80/100): */*/*/*
Metadata
* run name: gemini-31-pro-preview-*
* scenario tag: workflows

* language: java

model_info: Google/gemini-3.1-pro-preview
* plugin_hash: **x*

* judge: gpt-5.4

* evaluation price: ***

* time of creation: *x*

* dataset rel path: *x*. json

* dataset_config_hash: *x*

e path to IDEA dumps: ***

* launch args: ***

I Sample Side-by-Side Report
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DeepSeek-v4-pro vs. DeepSeek-v4-flash

Workflows
TL;DR

The main operational split is that Agent 1 was more trustworthy about protocol, diagnostic
grounding, and not overstating validation, while Agent 2 more often got code and tests to a
buildable, fully executed state but also had several serious cases of claiming success on weak
or misleading verification evidence. On the outcome itself, the reviews are genuinely mixed
rather than decisive: Agent 2 had more wins on completeness, fallback work, and executed
verification, but Agent 1 had several of the more consequential wins where Agent 2 missed
explicit requested behavior, introduced contract or fixture errors, or overfit the task; the
aggregate outcome edge toward Agent 2 is small and not statistically reliable (p=0.117).
Instruction-following shows a similar pattern, with Agent 2 somewhat stronger on sequencing,
message format, and actually finishing required test steps, while Agent 1 was better on scope
control in several important cases and more consistently followed special procedural
requirements; the formal verification count was tied at 28-28, which is worth noting but only
as a rough heuristic rather than strong proof of correctness. Operationally, Agent 2 was much
cheaper and faster ($9.13 vs $21.20, 10,973s vs 18,987s, both statistically significant), and
its much higher command/run success rates align with the reviews showing steadier completion,
whereas Agent 1’s extra cost and slower pace came with more timeouts/exceptions and poorer
run-configuration success, even though its final reporting was often the more dependable of
the two.

Total number of points (chats): 32
formal_verification_result

e alert: no
* warning: no
e p-value: 1.0

* metrics:

— agent 1: 28
— agent 2: 28

termination_reason

e alert: no
» warning: YES

» common: User decided to finish the dialog (26), Waiting for the agent response timed out
after 900s (1)

* only_runl: Agent iteration failed with an unexpected exception: Agent loop failed with an
unexpected error: Cannot reach provider OpenAl-compatible (1), Scenario timed out after
1200s (3), Waiting for the agent response timed out after 900s (1)

* only_run2: User decided to finish the dialog (5)

EndResult_Judge

e alert: no
» warning: YES

Review:
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Across requirement fit and scope/completeness, the results are mixed: A2 leads in 20 Ck while
Al leads in 11, with the most important A2 wins coming from delivered or more complete
fallback/test work in [C32], [C29], [C22], and [C26], but A1 has notable high-severity wins
where A2 missed explicit requested behavior or overfit the task, especially [C25], [C21], and
[C14].

On correctness and behavior preservation, neither side dominates overall (A2 wins 10 Ck, Al
wins 9), but the most consequential failures are split: A1 has high-severity wins in [C25] and
[C21] because A2 introduced a wrong ~/v2° route contract and left an invalid username fixture,
while A2 has high-severity wins in [C11], [C29], and [C4] because A1 changed control-flow
semantics, left a broken buildable state, or omitted required 501 handling.

Verification/build evidence favors A2 in 9 Ck versus 2 for A1, with the strongest gaps in
[C29], [C32], and [C22] where A2 delivered passing builds or suites while A1 was broken, unrun,
or incomplete; Al1’s main counterexample is [C19], where A2’s final verification depended on
extra skip flags rather than the agreed full command.

For documentation/report accuracy, the pattern is again mixed (A2 wins 8 Ck, Al wins 7), with
Al1’s most significant advantages in [C9], [C14], [C21], and [C24] where A2 had factual errors,
overclaimed a fix, or used overly absolute wording, while A2’s strongest wins in [C10], [C12],
[C16], and [C22] come from catching inconsistent prerequisites, invalid diagrams, inaccurate
completion claims, or unsupported rationale.

Safety/logging hygiene shows only a small signal: A1 has the main substantive win in [C1] by
removing a risky full-request log, while [C2] is a tie on safe logging choices.

* judge alert: YES
Scoring
e p-value: 0.117
e metrics_value (from [-1..1]): 0.1375

InstructionCompliance_Judge

e alert: no
» warning: YES

Review:

Across the step-gating and sequencing evidence, Agent 2 has the stronger record: A2 wins 14
comparisons in this group, while A1 wins 10 and 9 are ties; the clearest cases are [C1], [C2],
[C29], [C30], and [C32] for A2, versus [C13], [C20], and [C21] for A1l.

On message-format compliance, Agent 2 also has the edge, winning 9 items versus 8 for Agent 1,
with many of A2’s wins being more severe, including high-severity header/STOP-structure cases
in [C26] and [C27]; Agent 1’s main counterexamples are [C20], [C21], [C23], and [C28].

Agent 1 is stronger on scope control and special-procedure requirements: in scope/allowed-files
behavior A1 wins 7 items versus 6 for A2, with major A1 wins in [C5], [C8], and [C15] but major
A2 wins in [C7] and [C18]; in tools/diagnostics/language/protocol specifics Al wins 8 items
versus 3 for A2, driven by call-tree and mandated-phrase cases such as [C14] and [C19].
Test-execution/verification evidence favors Agent 2 overall, with 6 wins for A2 versus 2 for Al

and 2 ties, especially in [C21], [C22], [C29], and [C30] where A2 is credited for tighter test
scope or actually completing the required verification/reporting stage.

* judge alert: YES
Scoring
e p-value: .855

e metrics_value (from [-1..1]): -0.0187
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Pitfalls_Judge

e alert: no
* warning: YES

Review:

Across workflow/protocol and verification/build-state reliability, Agent 1 had the stronger
record: in workflow-related proofs Al was better in 14 entries and worse in 4, with major
separations in [C1@] and [C24], and in verification/reporting A1 was better in 10 entries and
worse in 9, including high-severity cases where A2 treated failing or stale runs as success in
[C4]1, [C14]1, [C19], and [C20].

Agent 1 also led on logic/contract correctness, with 7 wins versus 5 losses in that group; the
most consequential A2 misses were fixes that did not address the reported path in [C14], a
filtering/pagination regression in [C18], and fallback handling errors in [C26], while A2’s
main counterexamples were A1’s routing miss in [C3] and semantics break in [C11].

Agent 2’s clearest advantages were narrower and more operational: it was better on edit
stability in 8 entries versus 7 losses, especially where Al destabilized files in [C3], [C25],
and [C29], and it was also better on some scope-control items such as [C1], [C7], [C17]1, [C21],
and [C26], though A2 had severe scope violations of its own in [C8] and [C18].

Tool/harness hygiene was mixed rather than decisive, but several A1 losses there were tied to
repeated command/schema mistakes or noisy reruns (for example [C13], [C25], [C29], and [C31]),
while A2 had its own notable tool-side regressions in [C20] and [C32].

Overall, the extracted proofs point to Agent 1 being more reliable on protocol, diagnostic
grounding, and behavior correctness, while Agent 2 was somewhat steadier on avoiding file
corruption and some scope-follow-through but with less favorable high-severity verification
failures.

* judge alert: YES
Scoring

e p-value: 0.109

e metrics_value (from [-1..1]): -0.125

Pleasantness_Judge

e alert: no
e warning: YES

Review:

Across the strongest evidence, Agent 1 leads on interaction hygiene: it wins
verification/reporting trust in 11 Ck and loses it in 5, including high-severity cases where
Agent 2 gave contradictory or misleading validation narratives in [C4], [C12], and [C14]; Agent
1 also leads on structure/protocol in 6 Ck versus 3 losses, with the biggest gaps in [C21],
[C20], and [C23] where Agent 2 skipped or broke the required step format.

Agent 2’s clearest advantage is responsiveness and end-to-end completion: it wins
responsiveness/alignment in 8 Ck and loses 1, with major cases in [C26] and [C32], and it wins
completion/final usefulness in 4 Ck versus 4 losses, including strong delivery wins in [C29]
and [C32].

On operational smoothness, the split is close but important: Agent 1 wins 11 Ck and loses 11,
yet Agent 2 owns several high-severity wins in [C25] and [C29], while Agent 1’s biggest
smoothness wins come from avoiding disruptive behavior in [C12], [C13], and [C16].
Boundary-respecting behavior is mixed rather than one-sided: Agent 1 wins scope-discipline in

3 Ck and loses 3, with both agents drawing criticism for touching forbidden files or
constraints (for example ([C5]1/[C6]1/[C8] versus [C7]1/[C281)).

* judge alert: YES
Scoring
e p-value: 0.317

e metrics_value (from [-1..1]): -0.0875
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ToolCalls_Judge

e alert: no
e warning: YES
Review:

Across the proof groups, the largest repeated differences are in edit stability and
verification reliability: Agent 2 is favored in edit/repository stability in 7 comparisons and
loses 8, but Agent 1’s worse cases include several high-severity corruptions or malformed
edits such as [C18], [C29], and [C5], while Agent 2’s high-severity losses are concentrated in
[C8] and [C16].

Verification and runner use lean toward Agent 2 in 11 comparisons versus 6 for Agent 1, with
Agent 2’s strongest wins coming from correctly scoped or completed test/build execution in
[C21], [C25], [C26], and [C32]; Agent 1’s strongest wins in this area are mostly about Agent 2
masking Maven failures with shell pipelines in [C19] and [C20].

Exploration efficiency is mixed but slightly favors Agent 1 overall, with 13 wins for Agent 1
versus 10 for Agent 2; Agent 1’s wins are mostly about avoiding broad or empty searches (for
example [C1], [C2], [C6], [C14]), while Agent 2’s wins come from more targeted narrowing in
search-heavy tasks such as [C23] and [C24] and less repeated configuration probing in
[C21]-[C22].

Scope/context/completion shows the sharpest directional signal toward Agent 2: Agent 2 wins 5
comparisons and loses 2, including high-severity cases where Agent 1 edited forbidden files or
failed to complete the final requested tool work ([C7], [C26], [C32]), while Agent 1’s
counterexamples are narrower scope violations by Agent 2 in [C5] and [C8].

Miscellaneous argument/path/output handling is broadly noisy on both sides, with many ties and
small wins split both ways; the most notable non-tie cases are Agent 1 being better when Agent

2 makes unknown-tool or bad-command mistakes ([C20], [C30]), and Agent 2 being better when
Agent 1 makes invalid read ranges or unhelpful file-type reads ([C9], [C22]).

* judge alert: YES
Scoring
e p-value: 0.92
e metrics_value (from [-1..1]): -0.0125

setups

¢ alert: no
* warning: no
e difference: unchecked

Inference metrics

Metric p-value run 1 run 2 alert warning
price 0.0011 21.1996815 9.129628199999997 YES YES
time 0.0291 18987 10973 YES YES
gen tokens to seconds ratio 0.0 24.45 53.66 YES YES
tools calls total 0.3646 1302 1548 no no
generation tokens 0.1379 464235 588772 no no
cache hit mean ratio 0.9946 0.6296 0.6245 no no

tool calls in parallel mean  — 1.644 1.621 no no
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Tool call success rates

Tool run 1 success run 2 success run 1 total run 2 total alert warning
pull_request_review_write 1.0 0 1 0 no no
read_terminal 1.0 0.8333333333333334 1 6 no no
edit_file 0.943089430894309 0.9084967320261438 123 153 no no
get_configurations 1.0 0.9672131147540983 64 61 no no
search_file_by_name 1.0 0.9733333333333334 126 150 no no
file_structure 1.0 0.9761904761904762 15 42 no YES
find_class_source 0.9393939393939394 0.9230769230769231 33 13 no YES
list_dir 1.0 1.0 33 46 no no
write_file 1.0 1.0 30 22 no no
pull_request_read 1.0 1.0 13 7 no no
issue_read 1.0 1.0 9 9 no no
web_fetch 1.0 1.0 4 10 no no
get_release_by_tag 1.0 1.0 3 1 no no
developer_platform_search 1.0 1.0 1 2 no no
similar_search 1.0 1.0 1 2 no no
search_repositories 1.0 1.0 1 1 no no
search_by_name Q 0.0 Q 1 no no
search_for_text 0.994413407821229 1.0 179 202 no no
read_file 0.9871323529411765 ©.9948979591836735 544 588 no no
run_command 0.9411764705882353 ©.9933774834437086 51 151 no YES
run_configuration 0.5757575757575758 ©.9178082191780822 66 73 YES YES
find_usages 0.0 0.3333333333333333 4 6 YES YES
get_me Q 1.0 Q 1 no no
list_releases Q 1.0 Q 1 no no

Metadata

runl

¢ model_info: deepseek-v4-pro

e plugin_hash: *x*x

e run_name: DeepSeek_v4_pro-*

run2

¢ model_info: deepseek-v4-flash

* plugin_hash: **x*

e run_name: DeepSeek_v4_flash-*

judge

o api_calls: *x*

cached_tokens: **x

* completion_tokens: *x*

e prompt_tokens: ***

total_price_usd: ***

model: OpenAI/gpt-5.4
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