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Abstract

Evaluating LLM-powered AutoML agents for
enterprise data science requires more than final
leaderboard scores: agents must deliver repro-
ducible, leakage-free, protocol-valid workflows
on organization-specific data before deploy-
ment. We introduce GRACE-DS!, a Guarded
Reward-guided Agent Correction Environment
in Data Science for evaluating tabular machine
learning agents in real-world-like conditions.
GRACE-DS stages the full workflow — plan-
ning, data inspection, feature engineering, mod-
eling, validation, code repair, and final sub-
mission — inside an isolated sandbox where
evaluator-owned labels and hidden tests remain
private. Hidden executable validators track
both predictive progress and process reliability,
including leakage avoidance, reproducibility,
validation discipline, correction behavior, re-
ward alignment, and terminal submission va-
lidity. Based on 7,000 episodes spanning 8
LLMs, 10 tasks, 15 regimes, ablations, reward-
optimization probes, and red-team settings, the
structured flexible iterative regime (our ap-
proach) achieves the strongest end-to-end nor-
malized hidden-test quality, outperforming sin-
gle shot, unstructured agent, and restart base-
lines while improving protocol-valid comple-
tion. These results establish GRACE-DS as
a controlled pre-deployment harness for diag-
nosing whether LLM-powered AutoML agents
satisfy core enterprise execution constraints, on
a deliberately search-free tabular sub-problem
that isolates planning, correction, and valida-
tion discipline from expensive model search.

1 Introduction

LLM-powered agents are increasingly evaluated as
participants in data-science and machine-learning
workflows, not only as coding assistants (Chan
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et al., 2025). In enterprise tabular ML — risk scor-
ing, churn prediction, forecasting, fraud detection
— the deployment question is whether an agent
can solve an organization’s own tasks, on its data
and environment, while respecting validation, pri-
vacy, reproducibility, and operational constraints
(Kreuzberger et al., 2023). External benchmark
strength is not sufficient: internal schemas may
be messy, protected columns may exist, validation
rules may be organization-specific, and leakage
or non-reproducible code can make a high score
unusable.

Existing data-science and ML-agent benchmarks
measure important forms of capability, but final-
score evaluation reveals little about how a result
was obtained. An agent can improve a metric by us-
ing target information, fitting on validation data, ac-
cessing protected objects, or producing a notebook-
specific artifact, it can also fail because it cannot
recover from execution errors or interpret valida-
tion feedback. GRACE-DS addresses this gap with
a controlled harness for tabular ML tasks inside
the evaluator’s environment. The agent iterates
through a structured workflow, receives only gated
feedback, and is scored once on an isolated hidden
test after evaluator-side replay. The main quantity
of interest is therefore correction behavior under
constraints.

Across 8 LLMs, 10 production-like tasks,
and 15 regimes, flexible-iterative reaches E2E Q
0.754, versus 0.536 for single-shot, 0.527 for
unstructured-agent, and 0.672/0.686 for restart
baselines. Its advantage is not only predictive: it
also raises protocol-valid completion to 96.9% and
reduces deployment-critical errors to one episode
in 480. The red-team and reward-optimization
probes further show why hidden process valida-
tors and isolated hidden-test scoring must be used
together: reward can be nudged without solving
the task, but hidden final evaluation exposes the
quality loss.
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Novelty and scope GRACE-DS is a benchmark
and evaluation harness. Flexible-iterative is an eval-
uated workflow policy rather than the central algo-
rithmic contribution. The purpose of the harness
is precisely to compare reasonable workflow de-
signs under a controlled contract. Its novelty lies
in changing the evaluation target from a final pro-
gram, model, or leaderboard score to a protocol-
valid, raw-input-reproducible development trajec-
tory. This trajectory is assessed through two de-
liberately non-substitutable channels: a bounded
online correction signal exposed to the agent dur-
ing the episode and isolated terminal evidence
computed once by the evaluator. GRACE-DS is
a controlled tabular-ML agent environment that
jointly combines (i) evaluator-owned validation,
(i1) hidden trajectory-level checks for leakage, pro-
tected state, reproducibility, correction behavior,
and terminal validity, (iii) fresh-process replay of a
predict_fn or fitted Pipeline on raw inputs, (iv)
decomposed process reward separated from a sin-
gle hidden-test replay, (v) protocol-aware quality,
error, recovery, latency, and cost metrics, and (vi)
matched workflow and reward-adversarial controls.

Contributions Building on this evaluation tar-
get, GRACE-DS contributes (i) an executable,
enterprise-oriented harness that implements the
guarded contract for tabular supervised-learning
agents; (ii) a controlled empirical comparison in-
cluding single-shot, unstructured, restart, fixed,
and flexible workflows; (iii) state ablations, reward-
optimization probes, and a targeted red-team condi-
tion that test which interface components are load-
bearing and where process reward ceases to reflect
terminal quality; (iv) deployment-relevant diagnos-
tics covering predictive quality, protocol validity,
errors, recovery, reward alignment, model and task
effects, latency, and quality-speed-cost trade-offs.
An early version of the harness has been used inter-
nally to screen candidate LL.Ms for a tabular-ML
agent workflow at our organization. We report ag-
gregate harness results here and leave a detailed
deployment case study, including real-schema and
metered-search extensions, to future work.

2 Related Work

GRACE-DS complements benchmarks that evalu-
ate executable data-science code, final ML scores,
and interactive ML agents. DS-1000 (Lai et al.,
2023), DSBench (Jing et al., 2025), DA-Code
(Huang et al., 2024b), and DataSciBench (Zhang

et al., 2026) make data-science tasks executable;
MLE-bench (Chan et al., 2025) and TML-Bench
(Pinchuk, 2026) provide hidden-score ML evalu-
ation; and MLE-Dojo (Qiang et al., 2025), ML-
Gym (Nathani et al., 2025), DSGym (Nie et al.,
2026), and MLAgentBench (Huang et al., 2024a)
evaluate sequential agent behavior. These set-
tings are complementary, but they generally empha-
size broad capability or final performance rather
than a tabular supervised-learning deployment con-
tract with leakage, reproducibility, validation, cor-
rection, and protocol-validity checks. GRACE-
DS combines five properties in one environment:
it is stage-aware, guarded by hidden validators,
reward-guided but separately hidden-test scored,
deployment-oriented through raw-input replay, and
experimentally controlled across regime and stress-
test variants.

3 The GRACE-DS Environment

3.1 Overview and deployment contract

Figure 1 shows the main data flow. The evaluator
owns the train/validation/hidden-test split, keeps
validation labels and hidden-test data private, and
exposes only training labels, validation features,
protected raw snapshots, and a restricted Python
namespace. The agent must produce a reproducible
raw-input artifact — a callable predict_fn or fit-
ted Pipeline — that can be replayed by the eval-
uator. A solution is accepted only if it is repro-
ducible, terminally scored once without protocol
violation or forced rescue, free of critical method-
ological errors, and better than a trivial baseline on
the baseline/oracle-normalized scale. The indus-
trial constraints operationalized by this contract are
summarized in Table 9.

3.2 States, validators, reward, and metrics

The agent acts through eight states: PLAN, EDA,
FEATURE ENGINEERING, MODEL, VALIDATE,
CODE, CODE FIX, and FINAL SUBMIT. Exe-
cutable states contain one fenced Python block;
VALIDATE and FINAL SUBMIT are evaluator trig-
gers with no code.

Each episode is governed by a bounded inter-
action protocol. The controller maintains the cur-
rent stage, persistent workspace, registered can-
didates, and evaluator-private state, while deter-
mining which actions are permitted, whether their
order is fixed or agent-selected, what feedback is
exposed, and when candidate validation or early
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Figure 1: GRACE-DS evaluates LLM AutoML agents in a staged tabular environment. The evaluator owns the split
and the private valid/hidden-test labels (top row). The agent (bottom row) sees only training labels and validation
features and iterates LLM agent — restricted execution — reproducible candidate. Each candidate is gated by
validation, and the agent receives only abstract stage and metric feedback. Scoring is evaluator-owned: every
candidate is run through evaluator-side replay (dashed red), and the selected one yields a single hidden-test score.

stopping is eligible. Executable actions update the
workspace transactionally: failed or rejected ac-
tions are rolled back. A candidate can be validated
only after it registers a reproducible raw-input arti-
fact, while validation labels, hidden-test data, and
validator details remain evaluator-private.

Regimes differ in their complete interface pol-
icy. Single-shot and restart baselines use inde-
pendent MODEL-only attempts with workspace re-
set between attempts: the unstructured agent re-
tains its workspace but receives no stage labels, the
fixed regime follows a prescribed schedule; and the
flexible regimes choose among permitted stages
under a candidate-first and gated-stopping policy.
Across all regimes, the benchmark-level contract
remains fixed: tasks and evaluator-owned splits,
hidden validators, validation-based terminal selec-
tion, fresh-process replay on raw inputs and exactly
one hidden-test evaluation. Per-state step, time,
repeat budgets, full regime definitions are given
in Appendix C (together with repository links to
the prompt templates).

Hidden validators are narrow, auditable checks
rather than a monolithic grader. They cover in-
tegrity and leakage (snapshot intactness, evaluator-
private access, target-as-feature, fitting on valida-
tion/test, train+validation refit), data conditions
(missingness, duplicates, correlations, distribution
and split issues), modeling (fitted reusable candi-
dates, preprocessing inside the pipeline, tuning and
efficiency), process behavior (plan coverage, itera-
tion, backtracking, reproducibility), and terminal
comparison with the baseline and untuned oracle.
Critical errors — target leakage, train+validation

refit, evaluator-private access, and snapshot tamper-
ing — force the step reward to zero.

Feedback and evaluator-owned scoring. The
validator layer is deliberately hidden at detector
level. At each step the environment exposes only
bounded feedback: execution status and traceback
hints when code fails, abstract stage hints for unre-
solved process checks, and a scalar validation met-
ric only after VALIDATE or harness auto-validation.
MODEL never discloses quality, and the validation
target and hidden-test labels are never placed in
the agent-visible namespace. At terminal time the
evaluator resolves the selected candidate, replays
it on raw inputs in a fresh environment, and com-
putes the hidden-test score once. This separation
keeps process reward useful for correction while
preventing checklist compliance from substituting
for held-out predictive evaluation.

GRACE-DS returns a decomposed process re-
ward:

w = 0.55 rpert + 0.15 7pjan + 0.30 7coge, (1)
Peap = Min (ppenv 0.6 w)7 (2
Tfinal = MMax (Tﬂoora w — pcap)a (3)

where 7perf is normalized evaluator-owned perfor-
mance, 7plan plan coverage, rcode the mean active
code/checklist score, ppen total penalty, and 7goor
a small progress floor. All reported quality uses
G = (raw — baseline)/(oracle — baseline). The
primary deployment metrics are end-to-end qual-
ity (E2E Q), which counts missing terminal scores
as zero, and protocol-valid completion (PV). Ob-
served quality (Obs. Q) is reported only alongside
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E2E Q and PV because it conditions on scored
episodes. We also track recovery after errors,
critical-error rates, reward decomposition and align-
ment, validation-to-hidden gaps, wall-clock time,
calls, and tokens. An analysis of the selected
weight categories for the rewards can be found
in Section 5.2.

4 Experimental Setup

We evaluate 15 regimes: 7 core regimes from
single-shot to structured iteration, 5 leave-one-
state-out ablations, 2 reward-optimization probes,
and a red-team-vs-validators adversary. The core
grid crosses 8 frontier LLMs with 10 production-
like tabular tasks and 6 episodes per model-task-
regime cell (N=480 per regime). Tasks in-
clude four post-cutoff competitions from TML-
Bench (Pinchuk, 2026), one TabReD industry ta-
ble (Rubachev et al., 2025), three less-common
UCI/OpenML tasks (Huu Tiep, 2024; Borah et al.,
2020; Teboul, 2021), and two synthetic tasks with
known informative features generated with scikit-
learn; dataset families and per-task metadata are
retained in Tables 7 and 13. To focus on planning,
inspection, reproducibility, and validation-driven
correction rather than expensive search, agents are
instructed and validated to use only small manual
model configurations. Paired comparisons reuse
the same split seed, repeat, model, task, and tem-
perature and are tested with Wilcoxon signed-rank
tests and bootstrap confidence intervals; all budgets
and regime definitions are in Appendix C.

The regime design separates three explanations
for improvement. single-shot tests one-pass model
construction; restart baselines test whether inde-
pendent attempts are enough; unstructured-agent
keeps a persistent workspace but removes stage
labels; and the structured regimes test whether ex-
plicit stages and validator feedback improve cor-
rection. fixed-stage-iterative follows a prescribed
script, whereas flexible-iterative lets the agent
choose the next state under a candidate-first dis-
cipline and a single evaluator-side terminal policy.
Because the terminal selector is fixed and the call-
matched control uses at least as many calls and
validations, this comparison controls against a pure
budget or selector explanation.

5 Results

We report the core grid, ablations, reward-
optimization probes, and red-team evaluation. Ag-

Table 1: Main hidden-test performance and final pro-
cess reward by core regime (/N=480 episodes each).
E2E Q counts missing terminal hidden-test scores as
zero, Obs. Q averages only scored episodes, and R is
the final process reward. Higher is better throughout.

Regime N E2EQ Obs.Q R PV (%)
single-shot 480 0.536 0.604 0475 88.8
unstructured-agent 480 0.527 0.762 0.647 69.2
restarts-from-scratch 480 0.672  0.697 0.521  96.5
restarts-call-matched 480 0.686 0.716 0.531  95.8
fixed-stage-iterative 480 0.655 0.779 0.605 84.2
flexible-compact 480 0.734 0.761 0.607 96.5
flexible-iterative 480 0.754 0.779 0.600  96.9

gregate means use cluster-bootstrap confidence in-
tervals over model-task cells; rates use Wilson 95%
intervals.

Every experiment tests one of the hypotheses
(research questions) H1-H10, Table 10 maps each
hypothesis to the experiment or diagnostic that op-
erationalizes it, while Table 17 summarizes the
corresponding outcomes and primary evidence.

5.1 Structured iteration improves
effectiveness and validity (H1, H2)

Table 1 shows that flexible-iterative is the strongest
core regime: E2E Q 0.754 (95% CI [0.708, 0.798])
with PV 96.9%. Relative to single-shot, the paired
gain is +0.218 E2E Q and +8.1 percentage points
PV; relative to unstructured-agent, the gain is
40.227 E2E Q and +27.7 points PV. The unstruc-
tured agent has similar Obs. Q on scored episodes
(A= + 0.011), so most of that gain comes from
reliability rather than conditional modeling quality.
Against restart baselines, flexible-iterative gains
+0.082 over restarts-from-scratch and +-0.068 over
the call-matched upper bound, while using fewer
calls than the call-matched bound (A = —0.40)
and 150 seconds less wall-clock. Thus the advan-
tage reflects structured within-episode correction,
not merely more attempts (Table 2). The caveat is
that the call-matched advantage is moderate and
concentrated on tasks where revision matters most;
the full reward decomposition is retained in Ta-
ble 18.

5.2 Reliability, reward stress tests, and
ablations (H3-H7)

Structured-feedback regimes nearly eliminate criti-
cal methodological errors: fixed-stage and compact
flexible regimes have zero critical-error episodes,
and flexible-iterative has one in 480. Restart base-
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Table 2: Paired deltas for flexible-iterative against the primary baselines (480 pairs each). Positive quality deltas
favor structured flexible iteration. ACalls and ASec are differences in mean LLM calls and wall-clock seconds per

episode.
Comparison AE2E Q [95% CI] P AObs. Q APV (pp) AcCalls ASec
vs. single-shot +0.218 [0.182,0.255] 1.9x107%*  +0.172 481  +6.60 +60.6
vs. unstructured +0.227 [0.187,0.267] 6.2x107¢  4+0.011  +27.7  +1.50 —18.1
vs. restarts-from-scratch  +0.082 [0.050,0.113] 2.2x10™*  +0.081 +0.4 +3.60 —19.9
vs. call-matched restarts 40.068 [0.038, 0.098] 0.011 +0.063 +1.0 —0.40 —149.7

Table 3: Error and recovery statistics by core regime. “Any error” is episode-level and includes execution errors,
critical errors, protocol violations, forbidden-action attempts, and terminal payload errors. Recovery is the fraction

of error episodes that still end protocol-valid.

N Anyerr. Exec.err. Crit. err. (%) PV events/eps. PV (%) Rec. any (%) Rec. exec. (%)

Regime

single-shot 480 57 52 4 (0.8)
unstructured-agent 480 279 201 5(1.0)
restarts-from-scratch 480 165 138 25(5.2)
restarts-call-matched 480 232 201 34 (7.1)
fixed-stage-iterative 480 256 235 0(0.0)
flexible-compact 480 232 231 0(0.0)
flexible-iterative 480 227 224 1(0.2)

1/1 88.8 7.0 0.0
183 /138 69.2 47.0 65.2
5/5 96.5 89.7 91.3
12/10 95.8 914 94.0
77165 84.2 70.3 76.6
3/3 96.5 93.1 93.5
2/2 96.9 93.4 94.2

lines have 25 and 34 critical-error episodes (5.2%
and 7.1%), all leakage-class patterns. Recovery
also distinguishes regimes: among episodes with
any error, flexible-iterative still reaches protocol-
valid submission 93.4% of the time (94.2% for exe-
cution errors), compared with 7.0% for single-shot,
47.0% for unstructured-agent, and 70.3% for the
fixed schedule (Table 3). Reward optimization con-
firms that process reward is useful but not substi-
tutable for hidden evaluation. Prompting the agent
to maximize reward changes R by only +0.003 or
+0.014 while lowering E2E Q by 0.050 or 0.039
(Table 27).

In the stricter red-team probe, 120 matched ad-
versarial episodes produce no critical errors, no
evaluator-private access, no snapshot tampering,
and no forbidden-action attempts, but still lose both
reward (AR = —0.027, p = 0.006) and quality
(AE2E Q = —0.083, p < 10™%). Across 4 mod-
els and 10 tasks, 30 of 40 model-task rows show
no uncaught reward advantage. At the matched-
episode aggregate level, the red-team condition had
lower reward and hidden-test quality (Table 15).

The leave-one-state-out ablations show which
parts of the interface are load-bearing. Remov-
ing EDA hurts both fixed and flexible regimes
(—0.065 and —0.084 E2E Q, both significant),
with PV dropping 5.2 and 6.3 points. Remov-
ing PLAN is load-bearing in the fixed schedule
(—=0.073 E2E Q), mainly through reliability. By
contrast, removing the dedicated FEATURE ENGI-

NEERING state is close to quality-neutral because
agents often place reproducible preprocessing in-
side the MODEL pipeline (Table 4).

Interpretability and reward alignment. The
logged trajectory makes it possible to attribute
end-to-end outcomes to specific terminal paths
and reward components, rather than only report-
ing a final score. For flexible-iterative, 465 of
480 episodes end in an honest FINAL SUBMIT,
with only 2 protocol-violation terminations, 10
episodes without a terminal metric, and 3 forced
or premature endings; by contrast, the fixed sched-
ule produces 65 protocol-violation episodes and
the unstructured agent 138. A complete reward
breakdown is reported in Table 18. Relative to
single-shot, the reward gain comes mainly from the
evaluator-computed performance term (f2pers 0.501
vs. 0.414) and the plan term (0.136 vs. 0.105),
while the code-quality term is nearly unchanged.
The validation-to-hidden-test gap is non-positive
for every regime (flexible-iterative: —0.023), and
final reward correlates positively with E2E Q on
9 of 10 tasks (mean Spearman p = 0.296), but
pooled cross-task reward correlation is misleading.
We therefore treat reward as a within-task correc-
tion signal, never as a substitute for final hidden
scoring.

Reward sensitivity The default performance/-
plan/code weights (0.55/0.15/0.30) were fixed
a priori, before the cross-regime evaluation, and
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Table 4: Leave-one-state-out ablations. Mean columns report each regime directly; delta columns report the ablation
minus its full counterpart. Negative AE2E Q indicates the removed state was load-bearing.  marks Wilcoxon

p < 0.01.
Regime Reference E2EQ Obs. Q PV (%) AE2EQ AR APV (pp)
fixed-stage-iterative =~ — 0.655 0.779 84.2 — — —
fixed-without-plan fixed 0.582 0.783 744 —0.073" —0.012 —9.8'
fixed-without-eda fixed 0590 0.747 790 —0.065" —0.063" —5.2
fixed-without-FE fixed 0.659 0.754 87.5 +0.004 40.0217 +3.3
flexible-iterative — 0.754 0.779 96.9 — — —
flexible-without-EDA  flexible 0.670 0739  90.6 —0.084" —0.027"1 —6.37
flexible-without-FE flexible 0.732  0.753 97.3 —0.022 +0.027" +0.4

were never selected using E2E Q or regime rank- E2E by —0.050 [—0.078, —0.022] and

ings. They encode a design priority: evaluator- —0.039 [—0.066, —0.012] (Table 26). Thus,

owned predictive evidence receives the largest
weight, followed by code/process reliability and
plan coverage.

A matched 15-profile grid spanning equal, dom-
inant, reduced, component-only, leave-one-out,
and performance/code-swapped rewards used one
model, five tasks, four regimes, three seeds, and
two repeats (N = 120 per profile; Table 24).
Default aggregate E2E was 0.521, versus 0.496—
0.550 under alternative profiles; default Flexi-
ble E2E was 0.606, versus 0.559-0.674. Ev-
ery alternative-versus-default paired 95% CI in-
cluded zero for both the aggregate and Flexible
comparisons. In particular, swapping the perfor-
mance and code weights changed aggregate E2E
by only +0.005 [—0.039, 0.049] and Flexible E2E
by —0.010 [—0.092, 0.077]. The default profile
was not the best-performing profile under either
comparison, which is inconsistent with post-hoc
selection to maximize E2E or favor Flexible.

Separately, we reweighted the same 3,360 tra-
jectories without changing agent behavior. Here,
Rpyroc is the mean reward over nonterminal
working, auto-validation, and environment-replay
records, excluding FINAL_SUBMIT and hidden-test
terms. The mean within-task Spearman association
between Ry and E2E was 0.176 [0.070, 0.301]
under the default profile (positive on 9 of 10 tasks)
and 0.134 [0.041, 0.244] after the performance/-
code swap (positive on 7 of 10 tasks). Across all
profiles, it ranged from 0.050 to 0.239, and the
default was again not maximal (Table 25).

Under the swapped weights, the hidden-hints
and disclosed-criteria reward maximizers still

increased Rproc by +0.021  [0.009, 0.033]
and  +0.026 [0.015, 0.038], respec-
tively, while remaining below Flexible in

the conclusion that process reward is a coarse
correction signal, but not a substitute for isolated
hidden-test evaluation, does not depend on the
default coefficients.

The 0.60 soft-penalty cap and validator predi-
cates were likewise fixed before comparison and
were not tuned against E2E Q. The cap only bounds
noncritical heuristic penalties; a critical contract vi-
olation sets the turn reward to exactly zero, bypass-
ing the weighted components, cap, and progress
floor. Varying such predicates would redefine pro-
tocol validity rather than test reward-weight sensi-
tivity. These analyses establish robustness to broad
coefficient changes, but do not claim coefficient
optimality or universal regime-rank invariance.

5.3 Model scale, cost, and task interaction
(H8-H10)

Table 5 shows that all eight models benefit from
the flexible environment, although the magnitude
and form of the improvement vary across mod-
els. Because model family, scale, training, reason-
ing configuration and serving setup vary jointly,
these model-level differences are descriptive. The
largest single-shot-to-flexible gains are GPT-OSS-
120B (+0.342), GPT-5.4 (4-0.334), and DeepSeek-
V4-Pro/Flash (+0.258/4+0.220); the smallest is
Qwen3-Next-80B (4+0.097). Flexible iteration also
repairs a model-dependent failure of rigid script-
ing: under fixed-stage iteration, PV drops to 38.3%
for Qwen3-Next-80B and 70.0% for GPT-OSS-
120B, but rises to 86.7% and 95.0% under flexible-
iterative. On the strong-model subset, the fixed
schedule becomes competitive, suggesting that
rigid workflows are safe mainly for frontier-class
models.

Cost and task analyses refine the deployment
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Table 5: Model-level E2E Q under selected regimes (60 episodes per model-regime cell). AFlex-SS and AFlex-CM
compare flexible-iterative with single-shot and call-matched restarts; PV columns show protocol validity. Each
model-regime mean aggregates 60 episodes (10 tasks x 6 episodes). Inferential conclusions rely on the paired

aggregate analyses reported in Tables 1-4.

Model SS  Unstr. CM rest. Flexible AFlex-SS AFlex-CM Fixed PV (%) Flex PV (%)
Grok-4.3 0.558 0.704 0.699 0.713 40.155 +0.014 86.7 98.3
Gemini-3.1 Pro 0.662 0.569 0.790 0.820 +40.159 +0.030 98.3 100.0
Qwen3-Next-80B  0.560 0.277 0.626  0.657 +0.097 +0.031 38.3 86.7
DeepSeek-V4-Pro  0.523 0.357 0.722  0.782  +0.258 +0.060 96.7 100.0
DeepSeek-V4-Flash 0.514 0.447 0.659  0.734  +0.220 40.075 91.7 98.3
GPT-5.4 0.442 0.573 0.688 0.775 +40.334 +0.087 100.0 100.0
Qwen3.5-397B 0.587 0.564 0.655 0.764  +0.177 +0.110 91.7 96.7
GPT-0OSS-120B 0.446 0.724 0.651 0.788  +0.342 +0.137 70.0 95.0

reading. Single-shot is cheapest (41 seconds, 1
call, 2.4k tokens) but lowest quality; the call-
matched restart bound is slower and lower qual-
ity than flexible-iterative; flexible-compact saves
about 10% tokens for a —0.020 E2E Q concession.
Per-task gains over single-shot range from +0.019
on tunadromd to +0.903 on lattice-physics;
the largest benefits occur where the one-shot solu-
tion has the most headroom to the oracle. Reward
alignment is positive within tasks on 9 of 10 tasks
(mean Spearman p=0.296), but the pooled cross-
task correlation is misleading; therefore reward is
a progress signal, not a replacement for hidden fi-
nal scoring. A detailed action-budget analysis is
provided in Appendix E.

6 Conclusion

We introduced GRACE-DS, a controlled pre-
deployment evaluation harness for LLM-powered
AutoML agents on tabular supervised-learning
workflows, and used it to compare 14 full-scope
harness regimes across eight frontier LLMs and ten
production-like tasks, together with a separately
scoped targeted red-team condition. The central
finding is that how an agent is allowed to work
matters as much as which model runs it: flexible-
iterative reaches an end-to-end normalized hidden-
test quality of 0.754, against 0.536 for single-shot
generation, 0.527 for the unstructured-agent, and
0.672 and 0.686 for the restart baselines, while
raising protocol-valid completion to 96.9%. The
paired advantage is +0.218 E2E Q over single-shot
and +0.227 over the unstructured-agent, and the
flexible-iterative regime dominates even the most
conservative call-matched restart upper bound on
quality and wall-clock (Tables 1, 2, 22).

Table 17 summarizes the verdicts with the pri-
mary supporting evidence for each hypothesis.

These results also substantiate the positioning
claims of Section 2 against final-score and gym-
style benchmarks. Every deployment-relevant
distinction reported above is invisible to a final-
score-only evaluation: the unstructured-agent and
the fixed schedule essentially match the flexible-
iterative regime on the observed quality of com-
pleted runs (Obs. Q 0.762-0.779 vs. 0.779) and
would look competitive on a leaderboard, yet they
lose 10-23 points of protocol-valid end-to-end
quality to terminal failures, the restart baselines
look strong on aggregate score while committing
25-34 leakage-class critical-error episodes, against
at most one in the structured regimes, and the re-
ward maximizers and the red team keep their scores
superficially respectable while the combination of
hidden validators and isolated held-out scoring lo-
calizes exactly what they sacrificed.

It is precisely the GRACE-DS combination —
staged interaction, hidden executable validators,
decomposed process reward, reproducible sub-
mission, and a single isolated hidden-test evalu-
ation — that turns these distinctions into measure-
ments, which is the capability an enterprise pre-
deployment gate requires and which the related
benchmarks of Section 2 do not provide in one
platform. By measuring the full agent loop rather
than only its final score, GRACE-DS lets a team
choose not just a model but a way of running it, and
surfaces the reliability and reward-hacking failure
modes that determine whether an AutoML agent is
safe to put into production.
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Limitations

Scope GRACE-DS currently focuses on tabu-
lar ML, reflecting its central role in industrial ap-
plications such as risk scoring, churn prediction,
forecasting. Extending the harness to deep learn-
ing training loops, multimodal modeling, large-
scale distributed training, and open-ended scien-
tific discovery would test whether the process-
level, deployment-relevant distinctions surfaced by
GRACE-DS generalize beyond tabular AutoML.
Such extensions would also move GRACE-DS to-
ward a more general benchmark for ML agents.

Relation to production readiness GRACE-DS
is intended as a pre-deployment evaluation layer
within the broader MLOps lifecycle. The internal
candidate-LLM screening described earlier illus-
trates this use, while detailed deployment case stud-
ies, real-schema extensions, and metered-search
settings remain future work. In operational set-
tings, GRACE-DS should still be complemented
by standard production-readiness practices, includ-
ing ongoing monitoring, probabilistic calibration,
robustness to future distribution shifts, latency as-
sessment, explainability, security review, and the
relevant approval workflows.

Governance coverage The constraints enforced
by GRACE-DS (Table 9) represent a selected,
deployment-relevant subset rather than full gov-
ernance coverage. The current harness does not yet
model personally identifiable information detec-
tion and handling, role-based access control, data-
retention and audit-logging policies, fairness or
bias auditing, or regulatory-compliance checks. Ex-
tending the manifest and validator suite to express
and enforce such organization-specific policies is a
natural direction for future work.

Adversarial coverage The current red-team eval-
uation is prompt-based and should be interpreted
as a targeted assessment rather than an exhaustive
adversarial audit. Future work could broaden the
adversarial suite further and position it as an evolv-
ing red-team benchmark rather than a fixed set of
prompts.
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A Validator Structure

The validator layer is a set of narrow, auditable
checks rather than a single monolithic judge. This
makes reward and failure analysis decomposable
(an episode can fail because of execution, repro-
ducibility, leakage, weak validation discipline, poor
feature handling, or terminal submission errors,
recorded separately) and limits reward hacking (no
individual checklist item can by itself produce a
high final score, and deployment-critical violations
override the ordinary reward).

Formally, each validator v maps the current run-
time session s; to a structured result

zy(s¢) = (name,, passed,, score,, penalty,,

status,, details,).

“)
where score, € [0,1], penalty, > 0, and
status, indicates whether the validator is inactive,
unresolved, or resolved. Inactive validators are
ignored. Active non-plan validators contribute to
the code-quality/process term, the dedicated plan
validator to the plan term, and the performance
term is supplied only by evaluator-owned scoring
(validation or final hidden-test evaluation). Thus
validators shape the agent’s process but do not re-
place held-out predictive evaluation.

Phase-gated activation. Validators activate ac-
cording to the workflow phase, so the environment
does not penalize an agent for requirements only
meaningful later. The phase is inferred from the
session state: zero before a plan; planning after a
submitted plan; data-inspection after EDA; prepro-
cessing after feature engineering; modeling after a
reproducible candidate appears; final-scoring after
terminal submission. Missing-value and feature-
pipeline validators activate only after feature con-
struction is possible, whereas leakage, execution,
intactness, efficiency, and iteration-budget checks
are active from the start. Evaluator-owned valida-
tors (model evaluation, feature-importance diagnos-
tics, correctness, target-leakage checks, baseline
comparison) are additionally gated until a scoring
action is requested and a reproducible candidate
exists.

Sandbox and protocol guards. The action
parser requires every response to begin with exactly
one action label; executable actions must contain
exactly one fenced Python block, evaluator trig-
gers (VALIDATE, FINAL SUBMIT) must contain
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none, preventing scoring requests with hidden side
effects. The sandbox performs static policy checks:
it blocks file/network access, subprocesses, serial-
ization modules, direct environment access, and
unsafe builtins (open, exec, eval, import); scikit-
learn metric calls are allowed only for train-local
diagnostics, and attempts to score evaluator-owned
validation/test objects are rejected. Failed or re-
jected actions are transactional — the workspace
is rolled back to its previous snapshot — and pro-
tected raw snapshots are hash-checked after each
executable action and restored if tampered.

Integrity and leakage validators. The
IntactnessValidator checks protected
raw snapshots are unchanged. The

LeakageValidator scans for unsafe use of
evaluator-reserved objects, fitting on valida-
tion/test frames, and target-as-feature.  The
TrainValidRefitlLeakageValidator  catches
concatenating train and validation frames and
fitting/transforming on the combined object.
The TargetleakageModelValidator adds an
evaluator-side diagnostic for suspicious single-
feature predictors and large train-validation
gaps. These checks are deliberately redundant.
A small set of critical errors (target leakage,
train+validation refit, evaluator-private access,
snapshot tampering) forces the step reward to zero,
so checklist items cannot compensate for a critical
methodological error.

Data-condition validators. Before the agent be-
gins, the environment computes a private data pro-
file (missing-value structure, categoricals, dupli-
cates, high correlations, outliers, skew, scale dis-
parities, class imbalance, identifier-like and high-
cardinality columns) and compiles a hidden check-
list whose criteria are included only when the cor-
responding condition is present. These valida-
tors check both inspection (did the agent exam-
ine schema, target behavior, missingness, dupli-
cates, correlations, distributions, scale, imbalance,
suspicious identifiers?) and mitigation (was the
issue addressed reusably, e.g. imputers/encoders/s-
calers/derivations inside the submitted pipeline?),
separating noticing a condition from producing a
replayable artifact that handles it.

Submission and reproducibility validators.
GRACE-DS accepts only two terminal arti-
facts: a callable predict_fn(raw_dataframe)
or a fitted Pipeline named

pipeline/submission_pipeline; it  must
accept raw rows, perform all preprocessing
internally, and return finite predictions of valid
length. After each candidate-changing action
a target-free smoke check on raw validation
rows verifies the candidate reproduces pre-
processing from raw input (without revealing
a metric). The NamespaceCheckValidator,
FeaturePipelineValidator (penalizing
unresolved  NaNls, unencoded  categori-
cals, missing  scale-sensitive  preprocess-
ing, and non-packaged transformations),
ReproducibilityValidator (fixed seeds),
CorrectnessValidator (terminal length/va-
lidity), and BaselineComparisonValidator
support this contract, preventing notebook-local
solutions that depend on transformed arrays or
validation-only state.

Modeling and efficiency validators. The
ModelChoiceValidator rewards conventional
tabular estimators and penalizes missing/i-
nappropriate custom or neural choices poorly
matched to the low-budget setting. The
HyperparamValidator rewards a few explicit,
sensible hyperparameters and penalizes automated
search APIs (grid/random/Bayesian/external
tuning). The EfficiencyValidator penalizes
excessive elapsed time and search-heavy code,
keeping the comparison on planning, correction,
reproducibility, and validation-driven improvement
rather than expensive AutoML search.

Process validators. The
PlanCoverageValidator checks the plan
acknowledges metric, validation discipline,

reproducibility, iteration, and task-specific risks.
The BacktrackingValidator detects repeated
destructive transformations or unstable reversals.
The IterativeCycleValidator checks that
additional cycles produce useful validation
improvement. Candidate diversity is rewarded
via a lightweight model-family signal encourag-
ing a small number of meaningfully different
manual candidates (e.g. a tree ensemble and a
linear/logistic baseline) without automated search.

Hidden checklist and feedback. The exact de-
tectors, thresholds, and patterns are never revealed.
At each step the environment exposes only a stage
score in [0, 1] and a bounded list of abstract unre-
solved hints. The agent receives three kinds of feed-
back: execution (success/failure, captured stdout,
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and on failure a traceback with targeted hints);
stage-aware (compiled from the dataset conditions
actually present into a per-task hidden checklist
that cannot be memorized, with abstract hints say-
ing what is unresolved and which direction to move
but never the detector); and metric (gated: the vali-
dation metric appears only after VALIDATE or har-
ness auto-validation, MODEL never discloses qual-
ity, and the hidden-test metric is computed once
at terminal scoring). Disclosing the rubric would
let an agent pattern-match the checker (e.g. calling
df.isna().sum() to tick the EDA box without
handling the values); hiding it pushes the agent to
reason about the data. Checklist compliance feeds
only the plan (0.15) and code-quality (0.30) terms
and cannot move the performance term (0.55), so
the process reward is a proxy, not an independent
target.

Evaluator-owned scoring and reward integra-
tion. The validation target and hidden-test labels
are never placed in the agent-visible namespace.
During VALIDATE the evaluator resolves the active
candidate, runs it on raw validation rows, computes
the metric privately, and returns only the scalar;
during FINAL SUBMIT it runs the candidate once
on the hidden-test split. Validator outputs combine
with the normalized performance score in the de-
composed reward: the performance term has the
largest weight and is nonzero only on scoring ac-
tions, the plan term comes from plan coverage, and
the code-quality term is the mean of active non-
plan validators. Soft penalties are summed and
capped as a fraction of the weighted reward, while
critical errors force zero. This produces a signal
informative for correction but bounded enough that
checklist compliance alone cannot substitute for
solving the task, and the final held-out score is
reported separately from process reward, expos-
ing trajectories that are superficially compliant but
predictively weak, or strong but methodologically
invalid.

B Experimental Design Details

B.1 State and interface ablations

(H7) Leave-one-state-out ablations remove a single
capability from an otherwise identical agent (fixed
and flexible without plan/EDA/feature engineering)
and compare against the full fixed-stage-iterative
and flexible-iterative on the same splits, jointly on
the hidden-test metric and the protocol-valid rate,
isolating each state’s marginal contribution. (H6,

H3) A second family stress-tests reward optimiza-
tion. The reward maximizer hidden hints and re-
ward maximizer disclosed criteria regimes prompt
the model to maximize the process reward (the
latter also disclosing public-criteria names), and
red-team-vs-validators is a stronger adversary told
to treat reward as the only goal and deliberately not
solve the task, measuring the validators’ catch-rate.
No deployment-critical failure is realized in this
targeted prompt suite, while the same runs show
that process reward can remain near baseline even
as hidden-test quality declines. GRACE-DS there-
fore reports the two separately and treats reward
as a useful but non-substitutable progress signal.
All ablations reuse the shared protocol, splits, and
budgets of Appendix C.

B.2 Experimental protocol

(i) The agent uses training labels and validation
features; validation labels and the hidden test are
evaluator-private. (ii) Each task is fully specified
by a task. json manifest (target, type, metric, ref-
erence scores, per-state budgets, split strategy), so
an episode is reconstructible from manifest plus
seeds. (iii) Metrics are higher-is-better; error met-
rics (RMSE, MAE, log-loss) are returned negated.
(iv) Randomness is fixed: split seeds and LLM
sampling seed = base + repeat where the provider
honors it (Table 11). (v) Execution is bounded
by per-block timeouts and per-episode action and
token budgets.

B.3 Regimes, reproducibility, and statistics

Budgets are set by regime class: stateless regimes
(single-shot, n_restarts *, unstructured-agent)
share one per-action and per-episode budget, while
stateful structured regimes get the larger state-
ful budgets of Table 11. To remove an asym-
metry whereby restarts could get “free” valida-
tion metrics, the harness auto-validates newly re-
producible candidates during the working phase.
[flexible-iterative lets the agent order stages under
a candidate-first discipline: the plan must build
a simple reproducible baseline MODEL before
deep EDA and name a second, meaningfully dif-
ferent manual model family, and voluntary early
stopping is gated until several validated candi-
dates span at least two distinct families (a regex-
based diversity signal computed without execut-
ing user code feeds rqoqe). fixed-stage-iterative
dictates the stage each turn (PLAN — EDA —
FEATURE ENGINEERING — MODEL —refine).
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flexible-compact aggressively compacts the public
feedback while preserving it in the audit trajectory.
After the working phase the evaluator selects the
best candidate by validation metric and reproduces
it in a fresh environment with the same seed before
a single FINAL SUBMIT, giving every regime an
identical terminal policy.

A single CLI runner consumes a YAML
config and supports --dry-run and smoke
runs; every episode is reconstructible from its
(model, task, regime, seed, temperature, repeat) tu-
ple, runs are checkpointed and resumable, each
call is retried under explicit timeouts, and each
split manifest stores SHA-256 hashes of its
index sets so train/valid/hidden-test isolation
is auditable.  Paired comparisons reuse the
same (split seed, repeat, model, task, temperature)
via Wilcoxon signed-rank tests with bootstrap ClIs.
(HS) Reward-metric correlation and growth-slope
tables report Pearson/Spearman coefficients be-
tween per-turn reward and the normalized hidden-
test metric per (model, task) — avoiding a pooled
Simpson’s paradox — while the critical-error ze-
roing rule guarantees the reward never pays out
for protocol violations. (H4) The decomposed per-
step reward, terminal-path breakdown (honest fi-
nalization vs auto-finalization rescue), validation-
metric-growth trace, and candidate-diversity met-
rics make trajectories auditable. (H9) A dedi-
cated cost table relates each cell’s hidden-test qual-
ity to runtime, calls, and tokens; and (H10) per-
task and per-family breakdowns test where struc-
tured iteration helps most. We report the signed
validation—hidden-test gap and per-(model, task)
rank correlation as a self-estimate diagnostic, with-
out claiming probabilistic calibration (left to a log-
loss variant the metric layer already supports). All
sandboxed model training and scoring run on CPU
(AMD Ryzen 7 5700X, 64 GB RAM, 8 workers);
LLM inference is served remotely via OpenRouter
under per-episode and per-request timeouts.

C Experimental Configuration Details

This appendix collects the configuration tables
referenced in Sections 3 and 4: the action vocab.
(Table 6), the dataset families (Table 7), the LLMs
(Table 8), the mapping from industrial constraints
to mechanisms (Table 9), the hypothesis-to-
experiment map (Table 10), the per-state budgets
(Table 12), the full conf. grid (Table 11), the
regime glossary (Table 14), the per-task sum-

Table 6: States (action vocabulary) of the GRACE-DS
environment. “Execution” marks states that run a fenced
Python block, VALIDATE, FINAL SUBMIT are evalua-
tor triggers. The per-state step, time and repeat budgets
are listed in Table 12.

State Execution Role
PLAN B Sta.te strategy: metric,
validation, risks.
Inspect schema, target,
EDA yes quality risks (read-only).
FEATURE es Define reusable,
ENGINEERING reproducible preprocessing.
MODEL yes Fit and register a qandldate,
never reveals quality.
VALIDATE 3 Rquest evaluz_norjowned
scoring on validation.
CODE yes Auxiliary computation in
the workspace.
Repair an execution or
CODE FIX yes reproducibility failure.
One ol it
SUBMIT e v

candidate.

Table 7: Dataset families in the GRACE-DS paper grid
(10 tasks).

Family # Properties

TML-Bench 4 Post-cutoff. RMSE /
ROC-AUC.

TabReD 1 Industry datasets. RMSE.

Benchmark 3 Less-common UCI/OpenML

(UCI/OpenML) datasets. Low memorization
risk. R/ ROC-AUC.

Synthetic 2 Known DGP, zero
memorization,
feature-relevance ground
truth.

mary (Table 13). The submitted supplementary
repository specifies the shared prompt in https:
//github.com/Alexx221x/GRACE-DS/blob/
archive/automl_eval/llm/prompts.py, the
regime-specific clauses in https://github.com/
Alexx221x/GRACE-DS/blob/archive/automl_
eval/experiment/_regimes_extracted.py,
and the framing variants in https://github.
com/Alexx221x/GRACE-DS/blob/archive/
automl_eval/llm/prompt_paraphrase.py. An
example of a prepared prompt is also available in
Appendix G.
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Table 8: The eight LLMs in the GRACE-DS paper
grid. All are open-weight except the three marked prop.
(proprietary) (gemini-3.1-pro, grok-4.3, gpt-5.4),
whose architectures are undisclosed. MoE = mixture-of-
experts (total/active parameters where disclosed), rea-
soning is enabled where supported.

Model Arch. Reasoning
google/gemini-3.1-pro-preview prop. on
openai/gpt-oss-120b MoE 117B/5.1B on
x-ai/grok-4-3 prop. on
qgwen/gwen3-next-80b-a3b-instruct  MoE 80B/3B instruct
deepseek/deepseek-v4-flash MoE 284B/13B on
deepseek/deepseek-v4-pro MoE 1.6T/49B on
qwen/qwen3.5-397b-a17b MoE 397B/17B on
openai/gpt-5.4 prop. on

Table 9: Industrial constraints and the GRACE-DS
mechanism that operationalizes each.

Mechanism in GRACE-DS

Per-state wall-clock budgets, per-block
sandbox timeout, per-episode and per-
request timeouts, an efficiency validator
penalizes slow fits (Table 12).

Bounded working state O(dataset +
step history), large-table row caps, trans-
actional per-turn snapshots.

Fixed split seeds, SHA-256 hashes of
split indices, manifest-driven reconstruc-
tion, reproducible LLM seeds, determin-
istic subsampling, and resumable check-
pointed runs.

Reproducibility raw-input pipeline con-
tract, feature-relevance analysis against
ground-truth informative features, and a
decomposed per-step reward trajectory.

Constraint

Latency /
training time

Memory

Reproducibility

Interpretability

Calibration Validation—hidden-test gap and reward-
metric correlation as calibration-of-self-
estimate / proxy checks (Appendix B),
probabilistic calibration left to a log-loss

variant.

Acceptance reproducibility + protocol validity + zero
critical errors + baseline/oracle-anchored

score.

Table 10: Research questions operationalized by each
experimental hypothesis.

H Experiment/ Research question
signal

H1 structured- Does explicit workflow structure
feedback vs improve end-to-end task quality and
single- protocol-valid completion versus
shotlunstructured- one-shot generation or feedback
agent without stage guidance?

H2 iteration vs more Is the gain due to correction within
attempts a trajectory, or merely more
(call-matched independent attempts?
restarts)

H3 critical-error Do hidden validators prevent
control and deployment-critical failures
validator defense (leakage, invalid refits, private-data

access, tampering) while allowing
recovery from ordinary errors?

H4 decomposed Can GRACE-DS explain why an
reward / episode succeeded or failed, not just
inspectable report a final score?
trajectories

HS5 reward as a Is process reward aligned enough
progress signal  with hidden-test quality to guide

correction, and where does
alignment break down?

H6 reward Can agents obtain high process
maximization reward without solving the task, and
and red-team does hidden scoring expose this?

H7 leave-one-state- Which workflow stages are
out ablations load-bearing, and which are

interface conveniences?

H8 breakdown Do larger/stronger LLMs exploit the
across 8 models  environment differently in protocol

following, recovery, and iteration?

H9 quality—speed—  What operating point trades off
cost frontier quality, wall-clock, calls, and token

cost?
H10 per-task-family =~ On which tabular tasks does

interaction

structured iteration help most?
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Table 11: GRACE-DS configuration values used in the
paper grid. Reward weights and the penalty cap also

appear in Egs. (1)-(3).

Parameter Value Comment

Reward (Egs. (1)-(3))

Wherf 0.55 weight of normalized
performance

Weode 0.30 weight of code-quality
term

Wplan 0.15 weight of plan coverage

A (penalty cap) 0.60
0.02-0.10

Toor tIETS

critical-error re- 0
ward

max penalty as a fraction
of w

progress floor (plan/ex-
ec/model/metric)

forced on leakage / refit
/ private access / tamper-
ing

Per-episode budget (all models)
Max actions 8

Output tokens / 24,000
call

Total token bud- 200,000
get

Restarts [V 4

hard cap on agent actions
per episode

per-call generation cap
(with thinking)
per-episode total cap

for the N restarts* base-
lines

Replication grid & statistics

Split seeds {42,67,12345}
Primary temper- 0.7

ature

Repeats / condi- 2

tion

LLM seed base 1000

Episodes /cell 6
Full-scope grid 8 x 10 x 14

Targeted red- N =120

team

Min paired obs 5

3 data-split realizations
(0.2 added for the tem-
perature ablation)
reproducibly-seeded
LLM-sampling repeats
seed = base + repeat
3seeds x ltemp X
2 repeats

LLMs x tasks X non-
red-team regimes
matched episode analy-
sis; defense summary
over 4 x 10 model-task
rows

significance-test gating

(Wilcoxon)

Parallelism / timeouts

Workers 8 parallel episode pro-
cesses

Episode timeout 2800 s
Request timeout 300s
Max retries 5
Sandbox timeout 600/800 s

Task time budget 1200/2400 s

Subsample fac- 10
tor

per-episode wall-clock
per OpenRouter call

per request

stateless / stateful per-
action cap

stateless / stateful per-
episode cap
deterministic row sub-
sample (1 = full)

Dataset preparation
Default split 70/15/15

TabReD row cap 60,000
Synthetic (cls.) 10,000 x 20

Synthetic (reg.) 10,000 x 15

stratified train/valid/test
(non-source-split tasks)
subsample cap for very
large tables

5 informative + 5 redun-
dant + 10 noise

3 informative features
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Table 12: Per-state budgets (task-manifest de-
faults). Each state is independently capped on
the number of steps, the wall-clock seconds of

its code execution, and the number of consecu-

Table 13: Per-task summary of the GRACE-DS paper grid (10
tasks). Rows and columns are the full-dataset sizes produced by
the loaders before deterministic subsampling (Table 11).

tive repeats, so no single stage can consume the ~ 12sk Type Metric Rows Cols
hol isod tml-s6el regression RMSE 630,000 11
whole ep1sode. tml-s5e10 regression RMSE 517,754 12
tml-bank-churn binary classification ROC-AUC 15,000 12
State Steps  Sec. Repeats tml-foot-traffic regression RMSE 51,444 4
PLAN 3 45 2 tabred-sberbank regression RMSE 28,321 392
EDA 5 90 lattice-physics regression RZ? 24,000 39
FEATURE tunadromd binary classification ROC-AUC 4,464 241
ENGINEERING © 120 3 cdc-diabetes binary classification ROC-AUC 253,680 21
synthetic-classification binary classification ROC-AUC 10,000 20
MODEL 6 180 3 synthetic-regression regression RMSE 10,000 15
VALIDATE 5 60 2
CODE 6 150 3
CODE FIX 5 120 3
FINAL
SUBMIT bl
Table 14: Harness regimes evaluated in GRACE-DS.
Regime Description

Main mode options
single-shot

N restarts-from-scratch
N restarts-call-matched
unstructured-agent

fixed-stage-iterative
flexible-iterative

flexible-compact

One generation constrained to MODEL, privately validated, then reproduced.

N independent MODEL-only attempts, candidate-matched comparator.
Restart baseline with more generations, serving as a call-matched upper bound.
Persistent workspace, no exposed stage labels, only execution and scalar validation

feedback.

Prescribed schedule PLAN—EDA— FEATURE ENGINEERING—MODEL— . ..
Agent chooses stage order under structured feedback, subject to a candidate-first

discipline (Appendix B).

flexible-iterative with more aggressively compacted feedback, used as an interface

ablation.

Ablations (Appendix B)
fixed-without-plan
fixed-without-eda

fixed-without-feature-engineering

flexible-without-eda

flexible-without-feature-engineering

Prescribed schedule with PLAN removed.
Prescribed schedule with EDA removed.

Prescribed schedule with FEATURE ENGINEERING removed.
flexible-iterative with EDA removed.
flexible-iterative with FEATURE ENGINEERING removed.

Reward-optimization / adversarial probes (Appendix B)
Prompted to maximize the process reward, with the rubric kept hidden.
As above, additionally disclosing the public-criteria names.
Stronger adversary: treat reward as the only goal and deliberately not solve the

task, testing whether reward-only behavior yields an uncaught reward advantage.

reward-maximizer-hidden-hints
reward-maximizer-disclosed-criteria

red-team-vs-validators
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D Extended Results

This appendix preserves the extended results dis-
cussion and points to the error/recovery statistics
summarized in Table 3. The additional analyses
and summary tables are referenced from the corre-
sponding subsections of Section 5.

Error and recovery statistics (H3)

Table 3 reports the episode-level error and recovery
statistics discussed in Section 5.

Interpretability of the verdict (H4)

H4 is confirmed in the proxy sense. Three in-
strumented views jointly explain why each regime
scored as it did. (1) Terminal-path breakdown: 465
of 480 flexible-iterative episodes ended in an honest
FINAL SUBMIT (2 protocol-violation terminations,
10 without a terminal metric, 3 forced/premature),
whereas the fixed schedule produced 65 protocol-
violation episodes and the unstructured-agent 138,
attributing the E2E gaps to specific terminal fail-
ure modes. (2) Reward decomposition: relative to
single-shot, the flexible advantage is carried by the
evaluator-computed performance term (f2ers 0.501
vs. 0.414) and the plan term (0.136 vs. 0.105),
while the code-quality term is essentially constant
(=~ 0.27-0.28) — reward grows because models
get better, not because agents become better at
checklist-pleasing. (3) Validation-growth/diversity:
flexible-iterative improved its gated validation met-
ric in 56.7% of episodes (mean within-episode gain
+0.126), registering on average 5.4 validated can-
didates spanning 2.1 distinct families (diversity
score 0.94). The calibration diagnostic completes
the picture: the signed validation—hidden-test gap
is non-positive for every regime (flexible-iterative
—0.023), so agents did not overfit the gated signal,
and the per-(model, task) Spearman correlation be-
tween validation and hidden-test is positive in 83%
of cells (mean p = 0.41).

Reward as a progress signal (HS)

HS5 is confirmed with the anticipated caveat.
Computed per task to avoid a pooled Simpson’s-
paradox failure (the pooled episode-level corre-
lation is in fact slightly negative), the rank cor-
relation between final reward and E2E Q is pos-
itive on 9 of 10 tasks (mean p = 0.296, CI
[0.160, 0.434]; the single negative value —0.120 is
synthetic-regression, where the performance
term saturates). Simpler signals behave consis-

tently: completed validations correlate positively
with E2E Q on 10 of 10 tasks (mean p = 0.230).
Process reward is thus a useful within-task progress
signal but must not be read as a cross-task quality
score — that role belongs to the isolated hidden
test.

Quality-speed-cost frontier (H9)

H9 is confirmed. On the quality-compute fron-
tier (Tables 22, 23, Appendix F), single-shot is
the cheapest point (41s, 1 call, 2.4k tokens) at the
lowest quality (0.536); plain restarts buy +0.136
E2E Q for 4x the calls; the call-matched bound
is the slowest regime (251 s) yet is dominated by
flexible-iterative, which is simultaneously better
(40.068 E2E Q), faster (—150s), and cheaper in
calls (—0.40). flexible-iterative is also the fastest
iterative regime in mean wall-clock (101 s vs. 120's
for the unstructured-agent); its one premium is to-
kens (=~ 43k, =~ 2.1x the call-matched budget),
and flexible-compact removes ~ 10% of tokens
(38.7k) for a —0.020 E2E Q concession, defining a
token-bounded operating point. Organizations can
thus choose between three rational points — single-
shot for triage, flexible-compact for token-bounded
budgets, and full flexible-iterative for maximum
reliability — while both restart baselines and the
rigid schedule are dominated.

Task interaction (H10)

H10 is confirmed. Sorting tasks by the
flexible-iterative improvement over single-shot (Ta-
ble 16), the gain spans nearly two orders of
magnitude, from 40.903 on lattice-physics
— a regression task whose structure single-shot
pipelines almost never exploit (E2E Q 0.080),
and where flexible-iterative even clears the call-
matched bound by +0.627 — down to +-0.019 on
tunadromd, where one generation already reaches
0.777. The same gradient governs AFlex-CM:
large where within-episode revision matters and
mildly negative on the easiest, near-saturated tasks,
which also explains why the pooled call-matched
advantage is the smallest of the four paired com-
parisons. The practical reading is that the value
of an iterative agent loop is predictable from task
difficulty relative to the oracle anchor: the further a
trivial single-shot solution sits from the oracle, the
more the structured environment pays.
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LLM x mode heatmap: color = E2E normalized hidden-test quality
text = actual scored quality and coverage
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Figure 2: Model x regime structure of end-to-end quality. Each cell is colored by the mean end-to-end normalized
hidden-test quality (E2E Q) of the corresponding model and regime (multiply the test score by the coverage); the
cell annotation reports the mean observed quality on scored episodes together with the scored-episode coverage
out of the 60 episodes per cell (10 tasks x 6 repeats). Every model attains its highest E2E Q under the structured
in-environment regimes, and the column for flexible-iterative is uniformly the strongest. This figure is the per-cell
view behind the model-level aggregates in Table 5.

Risky behavior by LLM and mode
color = any risky behavior rate; text = risky episodes / total episodes
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Figure 3: Model x regime rate of deployment-relevant risky behavior. A run is counted as risky if it exhibits at least
one critical methodological error, protocol violation, forbidden-action attempt, or terminal payload error. Ordinary
execution errors are excluded, since they are recoverable and are reported separately in Table 3. Cells are colored
by the per-cell rate and annotated with the number of risky episodes out of 60. The restart columns concentrate
the leakage-class critical errors, and the unstructured-agent column its protocol-violation terminations, whereas
the structured-feedback columns are near-zero — consistent with the critical-error and protocol-valid columns of
Table 3.
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Table 15: Red-team stress test against the validators. “Defended” counts model-task rows with no uncaught
reward advantage in the validator-defense analysis, which spans 4 models x 10 tasks. The per-episode rows report
the matched two-model head-to-head (GPT-5.4 and Qwen3.5-397B, N=120 episodes per column), whereas the
Defended model-task rows and Mean uncaught reward advantage rows summarize the 4 models x 10 tasks grid.
In this red-team prompt suite the adversary achieves no critical error, no evaluator-private access, no snapshot
tampering, and no forbidden-action attempt, and loses both reward and hidden-test quality. This table supports H3,
H4, and H6. Because no forbidden-action attempt occurred in this prompt slice, the result does not estimate an
active blocking rate.

[flexible-iterative red-team-vs-validators
Episodes 120 120
E2E Q 0.747 0.664
Obs. Q 0.779 0.687
Final reward R 0.630 0.603
Protocol-valid (%) 95.8 96.7
Critical errors 0 0
Forbidden-action attempts 0 0
Protocol-violation events 2 1
Defended model-task rows 40/40 30/40 (75.0%)
Mean uncaught reward advantage 0.000 0.008

Paired red-team — reference: AE2E Q = —0.083 (p=1.6 x 10™%), AObs. Q = —0.096 (p<10~%), AR = —0.027
(p=0.006), APV = +0.8 pp.

Table 16: Task-level breakdown (mean E2E Q per task, 48 episodes per task-regime cell), grouped by task family.
Within each family, rows are sorted by the improvement of flexible-iterative over single-shot. This table supports
H10 and shows where iterative modeling gives the largest gains.

Task SS CMrest. Flexible AFlex-SS AFlex-CM  Flex PV (%)
tml-s6el 0.238 0.481 0.665 +0.427 +0.185 833
tml-foot-traffic 0.644 0.772 0.783 +0.139 +0.011 95.8
tml-bank-churn 0.558 0.701 0.655 +0.097 —0.046 97.9
tml-s5e10 0.695 0.830 0.777 +0.082 —0.053 100.0
tabred-sberbank 0.860 0.961 0.954 +0.094 —0.007 97.9
synthetic-classification  0.669 0.835 0.873 +0.204 +0.038 100.0
synthetic-regression 0.323 0.482 0.453 +0.130 —0.028 100.0
lattice-physics 0.080 0.356 0.983 +0.903 +0.627 100.0
cdc-diabetes 0.521 0.621 0.603 +0.082 —0.018 97.9
tunadromd 0.777 0.824 0.796 +0.019 —0.028 95.8
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Selected LLMs across environment modes
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Figure 4: End-to-end quality across the autonomy spectrum for three representative models. Mean E2E Q for
GPT-0SS-120B, GPT-5.4, and Qwen3.5-397b-al7b under three regimes of increasing structure: independent
restarts-from-scratch, the unstructured-agent, and the flexible-iterative regime.
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Reward increases with test quality across environment modes
Pearson r=0.87, Spearman p=0.75
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Figure 5: Regime-level relationship between the mean final process reward and the mean observed normalized
hidden-test quality, one point per regime. At the regime level the two move together, but this aggregate trend should
not be read as an episode-level alignment guarantee: as discussed in Appendix D, the reward-quality correlation
must be assessed per task and per cell, and the reward-maximization probes in Table 27 show that reward can be

Mean actual normalized hidden-test quality

raised slightly while end-to-end quality falls.
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Table 17: Summary of hypothesis outcomes with the

primary supporting evidence.

Hyp. Verdict

Primary evidence

H1 Confirmed

H2 Confirmed (caveat)

H3 Confirmed

H4 Confirmed (proxy)

H5 Confirmed (caveat)
H6 Confirmed

H7 Confirmed (refined)

H8 Confirmed

H9 Confirmed

H10  Confirmed

40.218 / +0.227 E2E Q and +8.1 / +27.7 pp PV vs. single-shot /
unstructured-agent (p < 10715; Tables 1, 2).

+0.082 vs. restarts (p=2.2x10~%); +-0.068 vs. call-matched bound
(p=0.011) at fewer calls and —150s (Table 2).

near-zero critical errors (0—1 episodes) and 93% error recovery in
the flexible structured regimes vs. 5.2-7.1% leakage in restarts; red
team: O critical / private-access / tampering / forbidden events, 75.0%
per-cell defense (Tables 3, 15).

Terminal-path, reward-decomposition, validation-growth, diversity,
and calibration traces help interpret the principal regime gaps (Ap-
pendix D).

Per-task reward-quality Spearman positive on 9/10 tasks (mean
p=0.30); pooled correlation misleading (Appendix D).

Reward maximizers: AR < +0.014 at AE2E Q down to —0.050;
red team loses both reward and quality (Tables 27, 15).

EDA load-bearing in both regimes (—0.065/—0.084); PLAN load-
bearing in the fixed schedule (—0.073, via PV); dedicated FE stage
removable (Table 4).

Flex-SS gain +0.097 to +0.342 by model; fixed-schedule PV drops
to 38-70% for the two smallest open-weight models, restored by
flexible-iterative (Table 5).

flexible-iterative dominates the call-matched bound on quality and
wall-clock at a 2.1 token premium; compact feedback defines an
intermediate point (Tables 2, 22, 23).

Per-task gain spans +0.019 to 4-0.903 and tracks single-shot head-
room to the oracle (Table 16).
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Table 18: Full hidden-test performance and reward decomposition by core regime (/N =480 episodes each). E2E Q
counts missing terminal hidden-test scores as zero; Obs. Q averages only scored episodes. Rperf, fplan, and Reode
are the mean contributions of the performance, plan-coverage, and code-quality terms to the final reward R. Higher
is better throughout.

Regime N E2EQ Obs.Q R Rpert Rplan Rcode PV (%)

single-shot 480 0.536 0.604 0475 0.414 0.105 0.276 88.8
unstructured-agent 480 0.527 0.762 0.647 0.514 0.105 0.282 69.2
restarts-from-scratch 480 0.672 0.697 0.521 0.485 0.105 0.278 96.5
restarts-call-matched 480 0.686 0.716 0.531 0.493 0.105 0.278 95.8
fixed-stage-iterative 480 0.655 0.779 0.605 0.488 0.141 0.274 84.2
flexible-compact 480 0.734 0.761 0.607 0.492 0.137 0275 96.5
flexible-iterative 480 0.754 0.779 0.600 0.501 0.136 0.275 96.9
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E Action-Budget Analysis

The main experiments allow up to 8 LLM calls
per episode. To examine whether the advantage
of flexible-iterative arises only from this full in-
teraction budget, we conduct a retrospective au-
dit at k € {2,4,6,8} calls. The audit uses the
same N = 480 matched trajectories per regime
for flexible-iterative, call-matched restarts, and the
unstructured agent. This is a prefix analysis of
trajectories generated under an eight-call contract.

At cutoff k, candidate coverage is the fraction of
episodes with any reproducible candidate. Valida-
tion E2E applies the evaluator’s validation-based
selection rule to the candidates available by the
cutoff and assigns zero when none exists; valida-
tion Obs. Q conditions on candidate availability.
Terminal-candidate availability indicates whether
the candidate ultimately selected in the eight-call
run already existed by the cutoff. To preserve the
single hidden-test evaluation contract, we do not
rescore alternative prefix candidates. Instead, the
hidden E2E lower bound assigns the recorded ter-
minal E2E score only when the eventual terminal
candidate was already available, and zero other-
wise. The prefix PV lower bound is defined anal-
ogously for protocol-valid completion. Tables 19
and 20 report these quantities.

Flexible starts behind because its structured
workflow delays candidate construction: at two
calls, its candidate coverage is 34.8%, compared
with 96.7% for call-matched restarts and 93.1%
for the unstructured agent. Its two-call hidden
E2E lower bound is consequently 0.096, versus
0.252 and 0.243. By four calls, however, Flex-
ible is effectively tied on hidden E2E with both
controls: 0.447 versus 0.412 for call-matched
restarts and 0.446 for the unstructured agent. The
paired differences are +0.035 [—0.015, 0.086] and
+0.001 [—0.052, 0.053], respectively (Table 21).

By six calls, Flexible leads both controls on
the hidden E2E lower bound: 0.641 versus
0.560 for call-matched restarts and 0.519 for
the unstructured agent. Its paired advantages
are +0.081 [0.038,0.124] (p = 0.003) and
+0.122 [0.076,0.168] (p < 0.001), respectively.
This advantage is not produced by a uniformly
higher validation score. At six calls, the unstruc-
tured agent has higher validation E2E than Flexible
(0.758 versus 0.716), but lower hidden E2E (0.519
versus 0.641) and a substantially lower prefix PV
lower bound (0.683 versus 0.827). The prefix au-

dit thus separates early validation quality from the
ability to reach a protocol-valid terminal result.

The additional calls after six chiefly improve
completion rather than candidate discovery or con-
ditional validation quality. For Flexible, candidate
coverage changes only from 97.5% at six calls to
97.9% at eight, and validation E2E changes from
0.716 to 0.737. Over the same interval, availability
of the ultimately selected terminal candidate rises
from 83.8% to 97.9%, the prefix PV lower bound
from 82.7% to 96.9%, and the hidden E2E lower
bound from 0.641 to 0.754. Thus, six calls are al-
ready sufficient for Flexible to lead both controls in
this retrospective audit, while calls seven and eight
primarily allow the agent to complete correction
and reach a valid terminal submission.

At the eight-call cutoff, the audit recovers the
final paper-grid outcomes exactly. The Obs. Q/E2E
Q/PV triples are 0.779/0.754/0.969 for Flexi-
ble, 0.716,/0.686,/0.958 for call-matched restarts,
and 0.762/0.527/0.692 for the unstructured agent.
The unstructured agent therefore retains slightly
higher conditional predictive quality than Flexi-
ble at several prefixes, but loses end-to-end qual-
ity through failures to convert that quality into
protocol-valid terminal completion.

F Extended Operating-Time and Cost
Results

Tables 22, 23 and 28 report runtime, iteration, and
cost. We deliberately do not convert to a monetary
cost, because dollar prices vary per provider and
endpoint precision; the calls and token columns
give all the information needed to derive a per-
deployment cost. The seconds-per-unit-of-quality
ratio tse./E2E Q summarizes how much wall-
clock each regime spends per unit of end-to-end
quality.

Three deployment-relevant readings follow from
Table 23. First, the rank by mean wall-clock and by
efficiency differ: the call-matched restart bound
is the slowest regime (251s, 2.5x the flexible-
iterative mean) and least efficient (365.9 s per unit
of E2E Q), while flexible-iterative is the fastest it-
erative regime (101 s vs. 120 s for the unstructured-
agent) and delivers +0.227 E2E Q over it, a 41%
better sec./E2E Q ratio (134.5 vs. 226.9). Sec-
ond, ablating PLAN increases time and reduces
quality, compounding its efficiency penalty (fixed-
without-plan 16% slower and only 89% of quality,
a 1.3 x worse ratio). Third, the long-tailed distribu-

4142



Table 19: Candidate discovery and validation quality in the retrospective 2/4/6/8-call audit (N = 480 episodes
per regime). Candidate coverage is the fraction of episodes with at least one reproducible candidate by the cutoft.
Validation E2E counts missing candidates as zero, whereas validation Obs. Q conditions on candidate availability.

Brackets contain 95% confidence intervals.

Candidate coverage

Regime Calls [95% CI]

Validation E2E
[95% CI]

Validation Obs. Q
[95% CI]

[\

flexible-iterative 0.348 [0.307,0.392
0.942 [0.917,0.959
0.975 [0.957,0.986

0.979 [0.962, 0.989

0.164 [0.137,0.192
0.639 [0.610, 0.668
0.716 [0.690, 0.741
0.737[0.712,0.761

0.472 [0.419,0.525
0.679 [0.651,0.706
0.735 [0.711,0.759
0.753 [0.730,0.775

call-matched restarts 0.967 [0.947,0.979

0.979 [0.962, 0.989

0.981 [0.965, 0.990

0.594 [0.565, 0.623
0.655 [0.628, 0.683

0.703 [0.677,0.728

0.615 [0.586, 0.643
0.669 [0.643,0.695

0.717 [0.692,0.741

unstructured-agent 0.931 [0.905,0.951
0.992 [0.979, 0.997
1.000 [0.992,1.000

]
}
]
}
)
0.981 [0.965,0.990]
]
]
%
1.000 [0.992, 1.000]

NN RN 0N

0.559 [0.526, 0.592
0.720 [0.693,0.745
0.758 [0.734,0.781

|
|
]
]
|
0.691 [0.665,0.717]
]
]
|
0.760 [0.736, 0.783]

0.600 [0.568,0.632
0.726 [0.700,0.751
0.758 [0.734,0.781

|
|
]
]
|
0.704 [0.680, 0.729]
]
]
|
0.760 [0.736, 0.783]

Table 20: Terminal-outcome lower bounds in the retrospective 2/4/6/8-call audit (N = 480 episodes per regime).
Terminal-candidate availability indicates that the candidate ultimately selected in the eight-call run already existed
by the cutoff. Hidden E2E is credited only in such episodes and remains zero otherwise. Hidden Obs. Q conditions
on available, scored terminal candidates. Prefix PV is a corresponding lower bound on protocol-valid completion.
Brackets contain 95% confidence intervals.

Terminal candidate
available [95% CI]

Hidden E2E
lower bound [95% CI]

Hidden Obs. Q
conditional [95% CI]

Prefix PV

lower bound [95% CI]

0.135 [0.108,0.169]
0.590 [0.545,0.633]
0.838 [0.802,0.868]
0.979 [0.962,0.989]

0.096 [0.072,0.120]
0.447 [0.409, 0.486]
0.641 [0.607,0.674]
0.754 [0.729,0.779]

0.718 [0.638,0.792]
0.769 [0.738,0.800]
0.775 [0.750, 0.800]
0.779 [0.755,0.801]

0.133 [0.106, 0.167
0.581 [0.537, 0.625
0.827 [0.791, 0.858
0.969 [0.949, 0.981

0.377 [0.335,0.421]
0.606 [0.562, 0.649]
0.808 [0.771,0.841]
0.981 [0.965,0.990]

0.252 [0.218,0.285]
0.412 [0.376, 0.449]

0.686 [0.658,0.714]

0.678 [0.633,0.721]
0.694 [0.660,0.727]
0.707 [0.679,0.736]
0.716 [0.690, 0.741]

0.371 [0.329,0.415
0.594 [0.549, 0.637

0.958 [0.937,0.973

Regime Calls
flexible-iterative 2
4
6
8
call-matched restarts 2
4
6
8
unstructured-agent 2
4
6
8

0.438 [0.394, 0.482]
0.804 [0.766, 0.837]
0.975 [0.957,0.986]
1.000 [0.992, 1.000]

0.243 [0.209, 0.277]
0.446 [0.407,0.485]
0.519 [0.481,0.557]

[
[
[
[
|
0.560 [0.525, 0.594]
[
[
|
0.527 [0.489, 0.565]

0.703 [0.656,0.749]
0.754 [0.721,0.787]
0.760 [0.731,0.789]
0.762 [0.733,0.791]

0.346 [0.305, 0.389
0.592 [0.547,0.635
0.683 [0.640,0.723

[
[
[
[
|
0.792 [0.753,0.826
[
[
|
0.692 [0.649, 0.731

]
]
|
]
]
]
]
]
]
]
]

tion (medians 57-76% of means in every iterative
regime) means median latency is the relevant figure
for SLA budgeting: under flexible-iterative, half
of episodes finish within 75s and three-quarters
within 137s. Table 28 makes the model-choice
trade-off explicit: wall-clock ranges over 3.4x
across models (47 s for Qwen3-Next-80B to 158 s
for Gemini-3.1 Pro), the efficiency ratio over 70.8
to 192.5 sec./E2E Q, and the iteration overhead
(flexible/single-shot wall-clock) from 1.4x (GPT-
5.4) to 3.0-3.5x (DeepSeek-V4-Flash, Qwen3.5-
397B, Gemini-3.1 Pro), so the cost of the structured
loop is highly provider-dependent.
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Table 21: Paired cutoff-specific differences for flexible-iterative against the two controls (N = 480 pairs per
comparison). Deltas are Flexible minus the named control. Confidence intervals are paired 95% bootstrap intervals
for the mean difference; p-values are from paired Wilcoxon signed-rank tests. Because the intervals and tests target
different distributional summaries, they need not yield identical threshold decisions.

A validation E2E A hidden E2E LB
Calls Comparison [95% CI] p [95% CI] p

2 Flexible — call-matched —0.430 [—0.466,—0.394] < 0.001 —0.156 [-0.196,—0.115] < 0.001

2 Flexible — unstructured —0.395 [—0.435,—0.354] < 0.001 —0.147 [—0.189,—0.106] < 0.001
4 Flexible — call-matched —0.016 [—0.050,0.019] 0.009 +0.035 [—0.015,0.086] 0.173
4 Flexible — unstructured —0.080 [—0.113,—0.048] < 0.001 40.001 [-0.052, 0.053] 0.678
6  Flexible — call-matched  +0.025 [—0.004, 0.056] 0.835 +0.081 [0.038,0.124] 0.003
6  Flexible — unstructured —0.042 [—0.067, —0.016] < 0.001 +0.122 [0.076,0.168] < 0.001
8  Flexible — call-matched ~ 40.034 [0.005, 0.062] 0.840 -+0.068 [0.038,0.098] 0.011
8  Flexible — unstructured ~ —0.023 [—0.048,0.002] < 0.001  +0.227 [0.187,0.268] < 0.001

Table 22: Runtime, iteration, and budget-use statistics by core regime (means per episode; Valid. is the number of
evaluator-scored validations, Val. delta is the mean within-episode improvement of the gated validation metric on
the normalized scale, with the fraction of validated episodes that improved in parentheses). This table supports H2
and H9.

Regime Sec. Steps Calls Tokens Valid. Val. delta (improved)
single-shot 40.8 1.9 1.00 2404 1.8 0.000 (0%)
unstructured-agent 119.6 8.1 6.09 19,881 5.4 0.055 (66%)
restarts-from-scratch  121.4 7.6  4.00 10,178 4.5 0.031 (59%)
restarts-call-matched 251.1  15.2  8.00 20,428 8.0 0.032 (71%)
fixed-stage-iterative ~ 121.4  10.5 798 47,417 49 0.122 (57%)
flexible-compact 106.2 9.5 7.2 38,724 4.7 0.060 (48%)
flexible-iterative 101.5 9.8 7.60 43223 5.5 0.126 (57%)

Table 23: Operating times by regime (per-episode means, all 15 regimes). Median time is reported with its inter-
quartile range [Q1, Q3] because the per-episode wall-clock is long-tailed. Tokens are in thousands. The last column
reports g /E2E Q (lower is better). The red-team-vs-validators row uses the matched red-team scope (N=120);
all other rows use the core scope (/N=480).

Regime N Sec.mean Median [Q1,Q3] Calls Tokens (k) E2EQ Sec./E2E Q

Core regimes

single-shot 480 40.8 20.0 [10.5,47.4]  1.00 2.4 0.536 76.1
unstructured-agent 480 119.6 68.2 [28.0,137.7]  6.09 19.9 0.527 226.9
restarts-from-scratch 480  121.4 78.5[39.2,150.5]  4.00 10.2 0.672 180.5
restarts-call-matched 480  251.1 153.6 [73.4,316.3] 8.00 20.4 0.686 365.9
fixed-stage-iterative 480 1214 92.5[45.3,160.4] 7.98 47.4 0.655 185.3
flexible-compact 480  106.2 67.6 [36.1,142.7] 7.12 38.7 0.734 144.7
flexible-iterative 480 1015 75.4[40.9,137.1] 7.60 43.2 0.754 134.5

State ablations

fixed-without-plan 480 140.4 105.4 [47.1,191.5] 7.97 49.3 0.582 241.3
fixed-without-eda 480 132.9 101.1 [42.5,177.9] 7.96 472 0.590 225.2
fixed-without-FE 480 119.6 90.1 [47.6,157.3] 7.94 48.1 0.659 181.4
flexible-without-EDA 480 97.0 64.0 [31.2,128.9] 6.72 37.0 0.670 144.7
flexible-without-FE 480 101.4 59.3 [35.1,132.4] 7.05 39.5 0.732 138.6

Reward-optimization / adversarial probes
reward-max-hidden 480 94.7 62.2 (33.2,129.3] 7.11 39.9 0.704 1344
reward-max-disclosed 480 92.3 65.5(32.9,120.9] 7.15 40.2 0.715 129.1
red-team-vs-validators 120 176.7 88.3[57.0,176.9] 6.85 38.7 0.664 266.1
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Table 24: Behavioral sensitivity to the performance/plan/code reward weights (Wpert, Wplan, Weode ). Each profile
contains one model, five tasks, four regimes, three seeds, and two repeats (/N = 120 per profile; N = 30 per
regime). Aggregate averages all four regimes. Deltas and paired 95% bootstrap confidence intervals compare each
profile with the default weights. The highest E2E value in each comparison block is bold.

Aggregate Fixed Flexible

Profile (Wperts Wplan, Weode) E2E A 95% CI E2E A 95% CI E2E A 95% CI
default (0.55,0.15,0.30) 0.521 - - 0.576 - - 0.606 - -

equal (0.333,0.333,0.333) 0.525 +0.005 [—0.046,0.055] 0.632 +0.056 [—0.036,0.159] 0.617 +0.010 [—0.086,0.119]
code-dominant (0.15,0.15,0.70) 0.512 —0.009 [—0.063,0.045] 0.617 +0.042 [—0.078,0.167] 0.614 +0.008 [—0.086,0.110]
performance-dominant (0.70,0.15,0.15) 0.502 —0.018 [-0.070,0.033] 0.538 —0.038 [—0.165,0.092] 0.635 +0.029 [—0.057,0.128]
plan-dominant (0.15,0.70,0.15) 0.517 —0.003 [—0.052,0.046] 0.618 40.043 [—0.064,0.151] 0.644 +0.037 [—0.073,0.150]
low-code (0.60,0.30,0.10) 0.505 —0.015 [—0.067,0.037] 0.585 +0.009 [—0.113,0.134] 0.607 +0.001 [—0.109,0.118]
low-performance (0.10,0.30,0.60)  0.496 —0.024 [—0.075,0.026] 0.576 0.000 [—0.122,0.117] 0.579 —0.027 [—0.140,0.089]
low-plan (0.45,0.10,0.45) 0550 +0.029 [—0.017,0.075] 0.660 +0.084 [—0.008,0.184] 0.627 +0.021 [—0.087,0.132]
code-only (0,0,1) 0521 +0.001 [—0.056,0.058] 0.619 +0.043 [—0.092,0.178] 0.617 +0.011 [—0.095,0.125]
performance-only (1,0,0) 0.531 +0.011 [—0.041,0.062] 0.649 +0.073 [—0.029,0.179] 0.651 +0.045 [—0.047,0.157]
plan-only (0,1,0) 0.497 —0.024 [—-0.076,0.028] 0.658 +0.082 [0.002,0.179] 0.602 —0.004 [—0.088,0.088]
without-code (0.50,0.50, 0) 0.517 —0.004 [—0.051,0.043] 0.655 +0.079 [0.001,0.163] 0.656 +0.050 [—0.049,0.156]
without-performance (0,0.50,0.50) 0.529 +0.008 [—0.044,0.061] 0.648 40.073 [—0.015,0.169] 0.674 +0.068 [—0.012,0.165]
without-plan (0.50,0,0.50)  0.509 —0.012 [—0.062,0.038] 0.612 +0.037 [—0.040,0.113] 0.559 —0.048 [—0.158,0.067]
performance/code swap ~ (0.30,0.15,0.55)  0.525 +0.005 [—0.039,0.049] 0.648 +0.072 [—0.018,0.169] 0.596 —0.010 [—0.092,0.077]

Table 25: Post-hoc process-reward alignment under alternative weight profiles. The same 3,360 trajectories are
reweighted in every row, holding agent behavior fixed. For each of the ten tasks, Spearman correlation is computed
between nonterminal process reward I, and E2E Q (/N = 336 trajectories per task). The reported interval is a
95% task-bootstrap confidence interval for the mean task-level correlation. “Pos./neg.” gives the number of tasks
with positive and negative correlations. The largest mean correlation is bold.

Profile (Wpert, Wplan, Weode ) Mean p [95% CI] Median p Pos./neg. Min. p Max. p
default (0.55,0.15,0.30) 0.176 [0.070,0.301] 0.122 9/1 —0.021 0.587
equal (0.333,0.333,0.333)  0.150 [0.048,0.271] 0.094 8/2 —0.023 0.539
code-dominant (0.15,0.15,0.70)  0.088 [0.003,0.189]  0.031 6/4  —0.057 0411
performance-dominant (0.70,0.15,0.15) 0.218 [0.106, 0.350] 0.208 9/1 —0.022 0.651
plan-dominant (0.15,0.70,0.15) 0.132 [0.028, 0.264] 0.033 9/1 —0.033 0.589
low-code (0.60,0.30,0.10) 0.190 [0.075,0.327] 0.129 9/1 —0.018 0.656
low-performance (0.10,0.30,0.60) 0.098 [0.008, 0.205] 0.038 6/4 —0.049 0427
low-plan (0.45,0.10,0.45) 0.164 [0.065,0.279] 0.117 9/1 —0.023 0.519
code-only (0,0,1) 0.050 [—0.016,0.140]  0.028 6/4  —0.064 0402
performance-only (1,0,0) 0.239 [0.130, 0.363] 0.230 9/1 —0.025 0.645
plan-only (0,1,0) 0.121 [0.021,0.245]  0.052 8/2  —0.078 0.530
without-code (0.50,0.50,0) 0.192 [0.077,0.329] 0.139 9/1 —0.020 0.663
without-performance (0,0.50,0.50) 0.091 [0.004,0.195] 0.038 6/4 —0.062 0413
without-plan (0.50,0,0.50) 0.160 [0.062,0.269]  0.120 8/2  —0.027 0481
performance/code swap ~ (0.30, 0.15,0.55) 0.134 [0.041, 0.244] 0.078 7/3  —0.032 0459

Table 26: Sensitivity of the reward-gaming conclusions to process-reward reweighting. Deltas are paired differences
between the named condition and flexible-iterative. Positive AR}, indicates higher nonterminal process reward,
while negative AE2E indicates lower isolated hidden-test quality. Reweighting changes only Rp:oc; E2E outcomes
and agent trajectories remain fixed.

Condition minus flexible-iterative N pairs ARproc [95% CI] AE2E [95% CI]
Reward profile: default

reward-maximizer, hidden hints 480  +0.012[—0.001,0.024] —0.050[—0.078, —0.022]
reward-maximizer, disclosed criteria 480 -+0.021[0.009,0.033] —0.039[—0.067,—0.012]
red-team vs. validators 120 —0.015[-0.035,0.006] —0.083[—0.137, —0.029]
Reward profile: performance/code swap

reward-maximizer, hidden hints 480  +0.021[0.009,0.033] —0.050[—0.078, —0.022]
reward-maximizer, disclosed criteria 480  +0.026[0.015,0.038] —0.039 [—0.066, —0.012]
red-team vs. validators 120  —0.006 [—0.026,0.014] —0.083[—0.138,—0.029]
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Table 27: Reward-optimization stress tests (V=480 each). Deltas are paired against flexible-iterative. Reward-
maximizing prompts buy at most a marginal reward increase at the cost of hidden-test quality, supporting the
separation of process reward from task solving. This table supports H5 and H6.

Regime E2EQ Obs.Q R PV (%) Crit. AE2EQ AR APV (pp)
flexible-iterative 0.754 0.779 0.600 96.9 1 — — —
reward-max-hidden 0.704 0.737 0.602 95.6 1 —0.050  +0.003 —-1.3
reward-max-disclosed  0.715 0.751 0.614 95.2 1 —0.039 +0.014 —1.7

Table 28: Operating times per model under flexible-iterative (60 episodes per model). The single-shot mean
wall-clock is shown for comparison to make the iteration overhead per model explicit. Models are sorted by the
seconds-per-unit-of-quality ratio under flexible-iterative in descending order.

Model SS sec. Flex.sec. Median [Q1,Q3] Calls Tok. (k) E2EQ Sec./E2E Q
Gemini-3.1 Pro 454 157.9 150.2[119.2,193.6] 7.60 48.1  0.820 192.5
DeepSeek-V4-Pro 40.3 1357  116.1[93.3,173.0] 7.05 464 0.782 173.5
Qwen3.5-397B 36.9 115.4 57.5[24.7,124.2] 797 464 0.764 151.0
DeepSeek-V4-Flash  35.1 104.3 79.5[69.6,114.2] 7.68 455 0.734 142.1
GPT-OSS-120B 70.5 108.7 71.4[45.2,145.0] 7.60 432  0.788 137.9
GPT-5.4 56.4 76.7 53.5[38.7,85.7] 728 369 0.775 98.9
Grok-4.3 27.4 66.6 56.7[39.8,79.3] 7.73 383 0.713 934

Qwen3-Next-80B 14.6 46.5 224(17.4,36.1] 7.85 409 0.657 70.8

4146



G Artifact Examples

This appendix gives human-readable excerpts from
two released flexible-iterative episodes on
the bank-customer-churn task. The artifact archive
stores raw model responses and evaluator observa-
tions, but not the complete composed input mes-
sage. We therefore assemble the shortened prompt
in Listing 1 from the released prompt builder and
task manifest. Model responses, feedback text,
and numeric values are copied from the released
checkpoints; line wrapping is added and [...]
marks omitted invariant or repetitive text. Full
prompts, responses, executable code, and machine-
readable traces are available in the repository:
https://github.com/Alexx221x/GRACE-DS/

tree/archive/output_example/example. To
keep the appendix compact, the instructions below
are presented in an abbreviated form. A more
complete example can be found in the repository.

Example 1: prompt, plan, and plan feedback.
The prompt makes the data-isolation and candidate-
first contract explicit.

Listing 1: Shortened flexible-iterative prompt followed
by the model’s PLAN response and the bounded feed-
back exposed to the model.

[SYSTEM PROMPT -- selected clauses]
This is a STRUCTURED EXPERIMENT EPISODE. Terminal hidden-test
evaluation is EVALUATOR-CONTROLLED, NOT agent-

controlled.

Do not issue ACTION: FINAL_SUBMIT. After at least one
replayable candidate has been automatically validated,
reply with the bare text

STOP_WORKING. The evaluator then replays the best validated
candidate

exactly once on the private test split.

Every response must begin with exactly one stage line:

ACTION: PLAN

ACTION: EDA

ACTION: FEATURE_ENGINEERING

ACTION: MODEL

ACTION: VALIDATE

ACTION: CODE

ACTION: CODE_FIX

MODEL must create a fitted raw-input sklearn Pipeline named
pipeline, or predict_fn(raw_dataframe). Validation and
test labels are private.

Flexible candidate-first regime: start with

PLAN -> MODEL -> EDA -> FEATURE_ENGINEERING when feasible.
The plan must say that MODEL will create a simple
replayable baseline before

deeper EDA, and name a second manual model family to try
later.

[... invariant sandbox, API, and budget clauses omitted ...]

[USER TASK OBSERVATION -- selected fields]

Task ID: tml_bank_customer_churn_ict_u_ai

Task type: binary_classification

Target column: Exited

Metric: roc_auc

Description: TML-bench Kaggle competition

’bank-customer-churn-ict-u-ai’. Strict tabular task with a

deterministic public/private-holdout split reproduced as a
predefined

GRACE split.

train_df contains training features and the target. valid_df
contains

validation features only. train_df_original and
valid_df_original are

protected raw snapshots. The validation target and test split
are not

visible.

[LLM RESPONSE -- split 42, repeat 1, turn 1]

ACTION: PLAN

Will create a simple RandomForestClassifier baseline
replayable

pipeline first (before deep EDA) to establish a validated
candidate.

Then perform EDA to inspect distributions, cardinality,
imbalance, and

feature-target relationships. Follow with feature engineering

(encoding, scaling, perhaps feature creation) and a second

manually-tuned LogisticRegression candidate for diversity.
Each MODEL

action registers a replayable artefact automatically
validated by the

evaluator. Expect at least two distinct model families before

STOP_WORKING.

[AGENT-VISIBLE ENVIRONMENT FEEDBACK]

Execution: OK

Output: Plan recorded. You may now inspect data, transform
features,

or model.

--- Compact structured feedback ---

- Evaluation metric has not been acknowledged. Hint: Name the
metric

you will optimise through validation.

Reward: 0.4446

Step: 1/ 13

Replayable model candidates recorded: @

Candidate replayability verified by VALIDATE: no
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Example 2: validation-guided correction. Af-
ter candidate C3 fell below the best earlier valida-
tion score, the model changed family and fitted a
fixed-parameter gradient-boosting pipeline. The
next evaluator-owned validation both improved the
metric and marked the two corresponding itera-
tion concerns as resolved. Listing 2 shows the
generated-code excerpt and the detailed audit feed-
back.

Listing 2: A corrective MODEL action and the result-
ing evaluator-owned validation. Imports and repeated

column declarations are elided.

[PRIOR AGENT-VISIBLE FEEDBACK -- candidate C3]

Output: Evaluator validation roc_auc: 0.8943.

- The latest validated revision did not improve on the best
prior

scored candidate. Hint: Keep or restore the strongest
validated
candidate before submission.

Current validation roc_auc: 0.8943

Best validation roc_auc: ©.9425

[LLM RESPONSE -- turn 6, excerpt]

ACTION: MODEL

¢ “‘python

from sklearn.pipeline import Pipeline

from sklearn.compose import ColumnTransformer

from sklearn.preprocessing import StandardScaler,
OneHotEncoder

from sklearn.ensemble import GradientBoostingClassifier

from sklearn.impute import SimpleImputer

target_column = ’Exited’

X_train = train_df_original.drop(columns=[target_column]).

copy ()
y_train = train_df_original[target_column].copy()
X_train_clean = X_train.drop(columns=[’CustomerId’, ’Surname

’

# Numeric and categorical transformer definitions omitted.
preprocessor = ColumnTransformer ([
(’num’, numeric_transformer, numeric_cols),
(’cat’, categorical_transformer, categorical_cols)
D
gb = GradientBoostingClassifier(
n_estimators=200, learning_rate=0.1,
max_depth=3, random_state=42)
pipeline = Pipeline([
(’preprocessor’, preprocessor),
(’classifier’, gb)
D

pipeline.fit(X_train_clean, y_train)

[DETAILED EVALUATOR AUDIT -- automatic VALIDATE, candidate C4
]

Execution: OK

Output: Evaluator validation roc_auc: 0.9506.

--- Validate feedback ---

Stage score: 1.000

- No unresolved checklist signals for this stage at this time.

--- Iteration feedback ---

Stage score: 0.800

- Resolved: Validated candidates do not yet cover

meaningfully
different model families

- Resolved: The latest validated revision did not improve on
the best

prior scored candidate

Previously surfaced workflow concerns have not been
demonstrably

addressed. Hint: Revisit an unresolved stage concern or
implement an

equivalent corrective change.

--- Progress signal ---

Reward: 0.7923

Step: 9 / 13

Replayable model candidates recorded: 4

Current validation roc_auc: 0.9506

Best validation roc_auc: ©.9506

Candidate replayability verified by VALIDATE: yes

Candidate raw-input smoke check (no metric): passed

Example 3: failure, rollback, and repair hint.
The next excerpt comes from the other released
split-42 repeat. It shows that failed executable ac-
tions are transactional: the exception is exposed,
the workspace is restored, and the observation gives
a bounded repair direction without disclosing vali-
dation labels or hidden detector logic.

Listing 3: Execution failure and transactional recovery
in a second flexible-iterative episode.

[LLM RESPONSE -- split 42, repeat @, turn 4, excerpt]
ACTION: FEATURE_ENGINEERING
‘¢ ‘python
preprocessor = Pipeline([
(’drop’, drop_step),
(’prep’, column_prep)
D
preprocessor. fit(X_train_demo)
feature_names = preprocessor.get_feature_names_out()
[ENVIRONMENT FEEDBACK]
Execution: FAILED -- AttributeError: Estimator drop does not
provide
get_feature_names_out. Did you mean to call
pipeline[:-1].get_feature_names_out()?
Output: Workspace changes from the failed action were rolled
back.
REPAIR HINT: make the submitted artefact replay all
preprocessing from
raw rows: fit transformations on training data inside a
single
Pipeline/ColumnTransformer, expose it as pipeline, then run
ACTION: VALIDATE.
Reward: 0.1648
Step: 4 / 13
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