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Abstract

LLM post-training pipelines that combine su-
pervised fine-tuning and reinforcement learn-
ing are difficult to configure under realistic
compute budgets: the configuration space is
high-dimensional and heterogeneous, stages
are strongly coupled, and each end-to-end eval-
uation is expensive. We propose AutoPipe, a
budget-aware two-phase framework for config-
uration selection in LLM post-training. Of-
fline, AutoPipe learns a dataset-conditioned
learning-to-rank surrogate from historical runs,
capturing within-dataset preferences and pro-
viding transferable guidance toward promis-
ing regions of the configuration space. On-
line, for a new dataset, AutoPipe uses the of-
fline guidance to steer Bayesian optimization
and models dataset-specific deviations with a
Gaussian-process residual surrogate. To re-
duce evaluation cost, each trial is early-stopped
and scored by a learned predictor that maps
early training signals to a low-cost proxy for
final post-training performance. Experiments
on biomedical reasoning tasks show that Au-
toPipe achieves performance comparable to
full-fidelity HPO baselines at a fraction of their
online cost, while outperforming offline-only
approaches and early-stopped HPO variants.

1 Introduction

Large language models (LLMs) have become a
central paradigm in modern AI, delivering strong
generalization across language understanding, gen-
eration, and reasoning tasks (Lewis et al., 2020;
Schick et al., 2023; Singhal et al., 2023). This
progress is commonly enabled by a two-stage train-
ing recipe: pre-training on large-scale corpora to
acquire broad linguistic and world knowledge, fol-
lowed by post-training to adapt and align a pre-
trained base model to downstream domains, user
preferences, and task-specific evaluation criteria.
In many practical settings, post-training is imple-
mented as a multi-stage pipeline that combines su-

pervised fine-tuning (SFT), which provides a task-
adapted initialization, with reinforcement learn-
ing (RL), which further optimizes behavior against
downstream objectives (Wang et al., 2024a).

While effective, post-training pipelines are diffi-
cult to configure: practitioners must jointly choose
a base model together with a heterogeneous collec-
tion of stage-specific hyperparameters, and inter-
actions across stages can make the resulting per-
formance landscape highly nontrivial. A central
challenge is cross-stage coupling: choices made in
earlier stages can affect the optimization regime of
downstream stages, so optimizing one stage in iso-
lation does not reliably optimize the full pipeline.
For instance, Kang et al. (2025) found that im-
provements in SFT metrics do not necessarily trans-
late into better post-RL performance. As a result,
expert-driven tuning often becomes an expensive
trial-and-error process that can still yield subop-
timal end-to-end performance. Yet automation is
also difficult under realistic compute budgets.

Recent approaches reduce this problem to an on-
line black-box hyperparameter optimization (HPO)
problem, in which configurations are sequentially
proposed and evaluated through expensive end-to-
end pipeline executions, so only a small number
of trials are feasible in practice. Without a strong
prior, such online search also suffers from cold-
start inefficiency, wasting early trials in low-quality
regions of the search space. This cost can in princi-
ple be reduced through multi-fidelity techniques (Li
et al., 2017). However, in multi-stage post-training
with RL, partial-training signals can be noisy and
only weakly, or even non-monotonically, related
to the final post-RL outcome, making them unre-
liable when used in isolation as direct optimiza-
tion signals. Purely offline solutions are also in-
sufficient: users often optimize on proprietary or
domain-specific datasets whose distributions may
not appear in historical runs, and offline surrogates
learned from past data can suffer from dataset shift.
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These challenges motivate a hybrid approach
that (i) leverages offline experience to provide a
transferable inductive bias over promising configu-
rations, (ii) adapts online to the target dataset using
a small number of evaluations, and (iii) uses proxy
signals from truncated runs to reduce the cost of
online adaptation.

We propose AutoPipe, a two-phase framework
for budgeted configuration selection in coupled
SFT-RL LLM post-training pipelines. In the of-
fline phase, AutoPipe learns a dataset-conditioned
learning-to-rank surrogate from historical post-
training runs, capturing within-dataset preferences
among configurations and providing transferable
guidance toward promising regions of the search
space. In the online phase, for a new target dataset,
AutoPipe uses these offline ranking scores as meta-
learned guidance and performs Bayesian optimiza-
tion over residual corrections, concentrating lim-
ited online capacity on correcting dataset-specific
miscalibration. To reduce evaluation cost, each
online candidate is assessed via a truncated (early-
stopped) run; a learned early-stop predictor maps
early training signals to a calibrated proxy of fi-
nal performance, which is then used to support ro-
bust online updates under noisy feedback. Across
biomedical question answering tasks, AutoPipe
achieves performance comparable to full-fidelity
baselines while using a fraction of their online cost,
and outperforms lower-cost early-stopped baselines
at a modestly higher compute budget.

Contributions. (1) We propose AutoPipe, a
budget-aware framework for configuration selec-
tion in SFT-RL post-training pipelines. (2) We de-
velop a dataset-conditioned ranking surrogate that
transfers configuration preferences across datasets
and offers strong offline guidance toward promis-
ing candidates. (3) We introduce an online adapta-
tion mechanism based on Gaussian-process resid-
ual modeling and an early-stop proxy predictor to
correct dataset-specific miscalibration under tight
evaluation budgets. (4) Extensive experiments on
biomedical reasoning datasets show that AutoPipe
consistently outperforms strong offline-only base-
lines and remains competitive with full-fidelity on-
line baselines at substantially lower online adapta-
tion cost.

2 Related Work

Hyperparameter Optimization. Bayesian opti-
mization (BO) is a standard approach for sample-

efficient hyperparameter optimization (Snoek et al.,
2012). Systems such as SMAC (Hutter et al.,
2011) and TPE (Bergstra et al., 2011) extend BO
to mixed discrete-continuous spaces, while multi-
fidelity methods like Hyperband (Li et al., 2017)
and BOHB (Falkner et al., 2018) adaptively allo-
cate compute. These methods often assume low-
fidelity signals predict final performance; in multi-
stage LLM post-training, early SFT may correlate
weakly with downstream RL outcomes. Classic
BO can also require many evaluations, which is
impractical when full pipelines are expensive.

Meta- and Transfer-Learning. To reduce opti-
mization costs, we may leverage traces from re-
lated tasks via similarity-weighted surrogate en-
sembles (Feurer et al., 2015), two-phase offline-to-
online procedures (Wistuba et al., 2016; Wu and Lu,
2026), or learned priors and search-space biases
from meta-datasets (Perrone et al., 2018). Recent
offline recommendation solutions such as Quick-
Tune (Arango et al., 2024) often treat learned pri-
ors or predictors as static initializations and can
fail under distribution shift. This motivates hybrid
strategies that reuse offline signal while adapting
to new observations.

Automatic LLM Post-Training Pipelines. The
modern paradigm combining SFT with RL was
popularized by InstructGPT (Ouyang et al., 2022).
Configuration choices across stages substantially
affect final quality, yet end-to-end optimization re-
mains limited. Recent work optimizes components
of this process, including black-box search for
instruction-tuning hyperparameters (Tribes et al.,
2024), multi-objective optimization of LLM and
RAG pipelines at inference time (Barker et al.,
2025), and agent-based frameworks for pipeline
construction such as LaMDAgent (Yano et al.,
2025). In contrast, our work targets end-to-end
SFT+RL pipelines, emphasizing budget-limited
optimization by leveraging historical runs while
allowing online adaptation to new datasets.

3 Methodology

Modern LLM applications are increasingly imple-
mented as multi-stage systems, commonly involv-
ing components such as SFT, retrieval augmenta-
tion, memory (Wu et al., 2026), RL, and routing
mechanisms; this motivates system-level optimiza-
tion that accounts for cross-component dependen-
cies (Wadlom et al., 2026). In this work, we focus
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Figure 1: Overview of the proposed two-phase configu-
ration selection framework.

on a widely deployed core pipeline consisting of
SFT followed by RL.

Given a target dataset, post-training perfor-
mance depends on a large, heterogeneous configu-
ration space spanning both discrete and continuous
choices (e.g., base model, batch sizes and learning
rate schedule). End-to-end evaluation of a single
configuration requires running the full pipeline, in-
cluding expensive RL rollouts, thus prohibiting ex-
haustive or even moderately broad search. This mo-
tivates methods that (i) leverage historical evidence
across datasets and (ii) allocate limited online com-
pute toward only the most promising candidates.

Problem Formulation. Let d denote a dataset
and c ∈ C denote a post-training configuration
covering SFT and RL hyperparameters. Running
the pipeline with (d, c) yields a performance score
y(d, c) (e.g., accuracy on a target evaluation suite).
Given a new dataset d⋆, the goal is to identify the
best configuration

c⋆ ∈ argmax
c∈C

y(d⋆, c), (1)

subject to a strict online evaluation budget mea-
sured in number of evaluations.

Two considerations guide our design. First, our
objective is selection: for each dataset, we aim to
identify the best configuration (or a small set of top
candidates), rather than precisely predict absolute
performance. Second, datasets differ in ways that
break global consistency, that is, the relative order-
ing of configurations is not stable across datasets.

Hence, we seek to learn dataset-conditioned pref-
erences over configurations.

Two-Phase Optimization. We describe our solu-
tion below and in Figure 1:
1. Offline phase (amortized learning): Using his-

torical runs across datasets, we learn a dataset-
conditioned ranking surrogate that produces con-
figuration ranking scores sd,c.

2. Online phase (budgeted adaptation): For a new
dataset d⋆, the surrogate scores sd⋆,c are used
as meta-learned guidance within BO. To reduce
evaluation cost, configurations are executed via
early-stopped runs whose outcomes are mapped
to proxy scores by an early-stop predictor.

This design separates knowledge acquisition (of-
fline) from dataset-specific adaptation (online), al-
lowing for historical evidence to be exploited while
remaining flexible enough to correct for dataset-
specific deviations under tight compute constraints.
Below we elaborate on these two phases.

Offline Surrogate Learning. We assume an of-
fline corpus of completed runs, each consisting
of a dataset d, configuration c, and performance
score y(d, c) (e.g., average benchmark accuracy).
Runs are organized into dataset groups, where each
group contains evaluations of multiple configura-
tions on the same dataset.

Ranking supervision. Rather than predicting ab-
solute performance, we formulate the surrogate
learning problem as learning to rank. For each
dataset group, observed outcomes induce a partial
ordering over configurations. Training supervision
thus consists of pairwise preference constraints of
the form ci ≻ cj whenever y(d, ci) > y(d, cj).
We restrict comparisons to within-dataset compar-
isons to reduce sensitivity to cross-dataset shifts
in performance scale, focusing the surrogate on
identifying the most promising configurations for a
given dataset.

Surrogate model. We instantiate the surro-
gate using a gradient-boosted tree ranker (XG-
BRanker) trained with the pairwise ranking objec-
tive (rank:pairwise). Each example uses features

ϕ(d, c) =
[
ϕcfg(c) ; ϕmeta(d)

]
,

where ϕcfg encodes SFT/RL hyperparameters and
ϕmeta encodes dataset features. During inference,
the surrogate scores candidate configurations for
a target dataset d⋆, producing ranking scores sd⋆,c
that estimate the relative quality of configurations.
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We adopt gradient-boosted trees for their robust-
ness in low-data regimes and their ability to cap-
ture non-linear interactions between configuration
choices and dataset properties. Detailed feature
definitions, preprocessing steps, and surrogate hy-
perparameters are discussed in Appendix B.1.

Online BO with Meta-Learned Guidance. The
offline ranker captures transferable structure in con-
figuration quality, but directly selecting configura-
tions by sd⋆,c can be suboptimal due to shifts in
performance landscape for the new dataset d⋆. We
thus perform BO using the offline score as meta-
learned guidance, adapting to the target dataset
through a small number of online evaluations.

Offline-Guided Decomposition. Let s(z)d⋆,c denote
the standardized offline score assigned by the
ranker to configuration c for dataset d⋆. In the
online phase, we do not model absolute perfor-
mance from scratch; instead, we maintain a GP
over dataset-specific correction terms relative to
this offline guidance. Conceptually, we define the
correction target as

r̃d⋆,c = y
(z)
d⋆,c − s

(z)
d⋆,c − bd⋆ , (2)

where bd⋆ is a dataset-specific offset that captures
systematic mismatch between the offline score and
the target dataset. The GP models configuration-
dependent variation in this correction term:

fd⋆(c) ≈ r̃d⋆,c, fd⋆(c) ∼ GP(0, k(c, c′)). (3)

In practice, the online procedure never requires
direct access to true full-fidelity values y

(z)
d⋆,c dur-

ing search. Instead, it updates the GP using low-
cost pseudo-observations derived from the early-
stop predictor, while the offline score s

(z)
d⋆,c serves

as a persistent guidance signal throughout opti-
mization, with its influence modulated over iter-
ations. For the GP, we use a Matérn-5/2 ker-
nel with automatic relevance determination (ARD)
over configuration dimensions, providing robust-
ness against non-uniform sensitivity in the configu-
ration space (Snoek et al., 2012).

Posterior prediction and tempered guidance. At
BO iteration t, let µf,t(c) and σf,t(c) denote the
GP posterior mean and standard deviation over the
correction term. We form the acquisition score
using a tempered combination of offline guidance
and online correction:

ŷ
(z)
d⋆,c,t = wt s

(z)
d⋆,c + bd⋆,t + µf,t(c), (4)

where bd⋆,t is the current dataset-specific offset
estimate and wt ∈ [0, 1] controls how strongly
the search remains anchored to the offline ranker.
We linearly anneal wt over iterations so that early
search is guided more strongly by transferable
cross-dataset structure, while later iterations place
greater weight on dataset-specific evidence.

Acquisition and posterior updates. We select the
next configuration by maximizing an Upper Confi-
dence Bound objective,

αt(c) = ŷ
(z)
d⋆,c,t + βt σf,t(c), (5)

where βt controls the exploration–exploitation
trade-off. Since s

(z)
d⋆,c is fixed across iterations,

exploration is driven by uncertainty in the resid-
ual correction, while the overall search trajectory
remains anchored to the meta-learned guidance.
Each selected configuration is then evaluated via
the early-stop predictor; the resulting pre-bias resid-
ual pseudo-observation is incorporated into the on-
line update by first refreshing the dataset-specific
offset and then refitting the GP on centered targets.
Additional implementation details are provided in
Appendix B.3.

Early-Stop Predictor. Full end-to-end SFT+RL
evaluation is too expensive to serve as the online
feedback signal. We instead employ an early-stop
predictor that uses partial training signals from an
inexpensive truncated run to approximate the full
evaluation outcome. The key idea is to exploit
the fact that downstream RL performance depends
strongly on the quality and stability of the SFT
initialization, making early SFT dynamics a useful
source of low-cost evidence for online updates.

Predicting standardized residual corrections. For
each executed run, we extract early training fea-
tures such as summary statistics computed from
logged training dynamics, and combine with con-
figuration and dataset features to form xes(d, c).
Rather than regressing directly on absolute end-to-
end performance, we train the predictor to estimate
the standardized residual correction

rd,c = y
(z)
d,c − s

(z)
d,c , (6)

where y
(z)
d,c is the standardized full evaluation score

and s
(z)
d,c is the standardized offline ranking score.

We instantiate g(·) as an ensemble of XGBoost
regressors (XGBRegressor), trained to predict

r̂d,c = g(xes(d, c)) ≈ rd,c, (7)
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so that the final proxy score is

ŷ
(z)
d,c = s

(z)
d,c + r̂d,c. (8)

This makes the predictor a conservative correction
mechanism: when early-stop signals are uninfor-
mative, predictions naturally remain anchored to
the offline score.

Use in online optimization. For a new dataset d⋆,
each candidate is run only to the early-stop point,
from which xes(d

⋆, c) is computed. The predictor
then produces a residual correction r̂d⋆,c, which is
used as a pseudo-observation to update the GP in
residual space. The reconstructed score

ŷ
(z)
d⋆,c = s

(z)
d⋆,c + r̂d⋆,c (9)

serves as a low-cost proxy for comparing candidate
configurations and deciding which ones merit full
end-to-end evaluation. Feature definitions, training
and other implementation details are deferred to
Appendix B.2.

Remark. Our key design principle is to separate
cross-dataset regularities from dataset-specific cor-
rection. The offline stage amortizes knowledge
about configuration quality across datasets and sup-
plies meta-learned guidance, while the online stage
refines it through residual updates from inexpensive
early-stopped runs. This enables adaptive configu-
ration selection under tight evaluation budgets.

4 Experiments

4.1 Experimental Setup
We evaluate on biomedical chain-of-thought ques-
tion answering (QA), a setting with datasets vary-
ing in style and reasoning depth, thereby providing
a meaningful testbed for configuration transfer.

Table 1: Post-training datasets in our LODO evaluation.

# Dataset Reference

1 MQA Ours
2 MQAR Ours
3 PQA Ours
4 MQA(R) Ours
5 MQA(R)PQA Ours
6 HuaTuo (Chen et al., 2024)
7 MedReason (Wu et al., 2025)
8 MedS3 (Jiang et al., 2025)
9 ReasonMed (Sun et al., 2025)

10 m23k (Huang et al., 2026)

Datasets and Benchmarks. We use a diverse
collection of medical reasoning datasets for post-
training and evaluate selected configurations on a

Table 2: Downstream benchmarks in our evaluation.

Benchmark Reference

BioASQ (yes/no) (Xiong et al., 2024)
GPQA (Biology) (Rein et al., 2024)
MedBullets (4 options) (Chen et al., 2025)
MedBullets (5 options) (Chen et al., 2025)
MedMCQA (Pal et al., 2022)
MedQA (Jin et al., 2021)
MedXpertQA (Zuo et al., 2025)
MMLU (Medicine) (Hendrycks et al., 2021)
MMLU-Pro (Bio & Health) (Wang et al., 2024b)
PubMedQA (Jin et al., 2019)
PubMedQA (questions only) (Jin et al., 2019)
PubMedQA (with

distractor abstracts)
(Jin et al., 2019), this
work

fixed suite of downstream biomedical benchmarks.
Half of the datasets are newly constructed in this
work, while the remainder are open-source datasets
from recent medical reasoning papers. Tables 1
and 2 summarize datasets and benchmarks; detailed
descriptions are provided in Appendix A.1.

Transfer protocol. We evaluate transfer to
unseen datasets using a leave-one-dataset-out
(LODO) protocol. In each split, one dataset is held
out as the target d⋆, and the remaining datasets
form the offline corpus used to train both the rank-
ing surrogate and early-stop regressor. The online
procedure is then run on d⋆ under a fixed number
of online evaluations, reflecting a practical deploy-
ment setting in which extensive prior experimenta-
tion is infeasible. Stochastic methods are repeated
across 3 random seeds. Additional details are pro-
vided in Appendix C.1.

Source-disjoint evaluation. Some LODO folds
share underlying question sources. In par-
ticular, MQA(R) and MQA(R)PQA are con-
structed by sampling from MQA/MQAR and
MQA/MQAR/PQA respectively, and certain com-
mon sources such as MedQA (Jin et al., 2021) also
occur across multiple folds. To evaluate transfer
under a stronger distribution shift, we additionally
consider a setting in which all ten datasets in Ta-
ble 1 serve as historical data and the unseen target
d⋆ is the source-disjoint CasiMedicos-Arg (Sviri-
dova et al., 2024), whose question source is absent
from all other ten datasets.

Configuration space. All methods search a shared
configuration space spanning base model choice
and SFT/RL hyperparameters. Table 3 summarizes
the space; Appendix A.2 details how we sample
from the space to construct the offline corpus.

Baselines. We compare against two types of base-
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Table 3: Configuration space searched by all methods.

Phase Hyperparameter Possible values

Base model

Qwen2.5-1.5B-Instruct
Qwen2.5-3B-Instruct
Qwen2.5-7B-Instruct
Llama3.2-1B-Instruct
Llama3.2-3B-Instruct
Llama3.1-8B-Instruct

SFT
Number of epochs 1, 2, 3
Effective batch size 32, 64, 128
Learning rate 1e−5, 2e−5, 5e−5

RL

Effective batch size 64, 128, 256
Learning rate 1e−6, 2e−6, 5e−6, 1e−5

Beta 0, 0.05, 0.1
Number of rollouts 8, 16
Temperature 0.7, 0.9, 1.1

lines: (1) static / zero-shot methods, which do not
perform any online evaluations on the target dataset,
and (2) sequential methods, which adapt through
online evaluations under the budget constraint.
Under static / zero-shot baselines, we consider:
(1) Random: one random configuration; (2) LLM
Recommendation (Description-only): prompts an
LLM to propose a configuration, given only task
and dataset description; (3) LLM Recommendation
(History-conditioned): additionally provides a set
of similar historical datasets with evaluated con-
figurations and outcomes; (4) Global: selects the
configuration that achieved the best performance
across the offline corpus (excluding the held-out
dataset); (5) Offline-only: selects argmaxc(sd⋆,c)
without online adaptation. For sequential base-
lines, we compare: (1) Random Search: randomly
samples configurations; (2) BOHB (Falkner et al.,
2018): combines multi-fidelity resource allocation
with kernel density estimators to prioritize promis-
ing configurations; (3) SMAC (Hutter et al., 2011):
uses random-forest-based BO for algorithm config-
uration; (4) TPE (Bergstra et al., 2011): fits sepa-
rate density models to high- and low-performing
regions of the search space and selects configura-
tions that maximize their density ratio; (5) RGPE
(Feurer et al., 2018): constructs an ensemble of sur-
rogate models learned on previous tasks and learns
to reweight them based on target task relevance; (6)
AutoPipe, our full solution. Baseline implementa-
tion details are provided in Appendix C.2.

Metrics. We report metrics that capture end-to-end
performance and selection quality under a limited
number of online evaluations.

Pipeline accuracy. We report the (1) average

Table 4: LODO configuration selection performance
under a fixed number of online evaluations using either
full-fidelity signals or early-stop (ES) proxy signals.
For stochastic methods, results are reported as mean ±
standard error over three independent repetitions; see
Appendix C.1 for details.

Method Performance Regret Cost

Static & Zero-Shot Baselines
Random 0.362 ± 0.015 0.289 ± 0.015 4.5 ± 0.4
LLM (Desc.) 0.307 0.343 7.6
LLM (Hist.) 0.442 0.208 5.6
Global 0.529 0.122 4.1
Offline-only 0.557 ± 0.016 0.094 ± 0.016 6.4 ± 0.2

Sequential Baselines
Random Search

ES 0.510 ± 0.033 0.140 ± 0.033 6.2 ± 0.6
Full 0.573 ± 0.007 0.077 ± 0.007 61.7 ± 1.7

BOHB 0.593 ± 0.002 0.057 ± 0.002 98.5 ± 2.1
RGPE

ES 0.534 ± 0.013 0.116 ± 0.013 9 ± 0.2
Full 0.599 ± 0.002 0.052 ± 0.002 75.6 ± 2.1

SMAC
ES 0.511 ± 0.003 0.139 ± 0.003 6.0 ± 0.1
Full 0.590 ± 0.006 0.060 ± 0.006 65.7 ± 1.1

TPE
ES 0.539 ± 0.006 0.111 ± 0.006 6.0 ± 0.2
Full 0.588 ± 0.010 0.062 ± 0.010 65.2 ± 0.8

Ours 0.594 ± 0.002 0.056 ± 0.002 9.5 ± 0.4

benchmark score achieved by the configuration ĉ
selected by each method after full post-training,
(2) the corresponding regret that quantifies the op-
timality gap, y(d⋆, c⋆opt) − y(d⋆, ĉ), where c⋆opt is
the best-performing configuration in the reference
pool for d⋆ (i.e., the set of all configurations eval-
uated on d⋆ anywhere in this study, rather than
the entire search space) and (3) the evaluation cost,
measured in H200 GPU hours, which includes both
online adaptation cost and the cost of evaluating the
selected configuration. This cost excludes construc-
tion of the historical corpus, which is a one-time
unpriced cost that is reused across target datasets
and therefore amortized rather than charged to each
adaptation run.

Ranking and selection diagnostics. For
component-level evaluation, we additionally report
diagnostics for the models trained on the offline cor-
pus, namely the offline surrogate and the early-stop
predictor. Specifically, we report: (1) Recall@k,
whether c⋆opt appears in the top-k ranked configura-
tions; (2) nDCG@k, which emphasizes correct or-
dering near the top of the ranking; (3) Pairwise ac-
curacy, the fraction of configuration pairs ordered
correctly within each dataset; and (4) Spearman
correlation, the rank correlation between predicted
and ground-truth within-dataset orderings.
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4.2 Results and Analysis

We evaluate the framework to assess overall end-
to-end effectiveness and to clarify the contribution
of its components. Our analysis has four parts:
(i) configuration selection under low-cost proxy-
feedback and higher-cost full-fidelity optimization
regimes, measured by full-fidelity performance of
the selected configuration; (ii) transfer to a source-
disjoint target whose question source is entirely
distinct from those in the historical corpus; (iii)
ablations of key design choices; and (iv) sensitiv-
ity to online budget, early-stop fidelity and online
optimization parameters.

Efficacy across budget regimes. We study con-
figuration selection when optimization uses early-
stopped, noisy evaluations, but success is mea-
sured by full end-to-end performance. We compare
proxy-guided methods in a resource-constrained
regime against sequential optimizers that operate
on full-fidelity evaluations. In the constrained
regime, methods use early-stopped runs scored
by the early-stop predictor; after the budget is ex-
hausted, the selected configuration is verified with
a full-fidelity run.

Table 4 reports full-fidelity performance, regret
and optimization cost across offline and online
baselines. The results shed light on the role of
learned offline structure and online adaptation in
configuration selection. Firstly, the offline ranker
is already a strong baseline, establishing a per-
formance floor that outperforms other static base-
lines. While random selection and LLM-based
recommendations struggle with the interaction-
heavy post-training landscape, the ranker captures
transferable patterns across datasets, producing a
markedly improved initial configuration ordering.
The performance of the experience-informed yet
dataset-agnostic Global baseline further highlights
the importance of dataset conditioning. Although
it achieves competitive average performance, it ex-
hibits higher variability across datasets, performing
comparably or even better than dataset-conditioned
selection in certain cases while incurring substan-
tial failures in others (dataset-level comparisons are
provided in Appendix D.1). This suggests that ex-
perience alone is insufficient; without dataset con-
ditioning, strong average performance can mask
brittle behavior under distributional shift.

Secondly, incorporating the online phase further
elevates performance, bringing the full two-phase
solution into a regime competitive with expensive

Table 5: LODO ranking performance of offline surro-
gate and early-stop (ES) regressor.

Metric Offline Ranker ES Regressor

Regret 0.118 ± 0.013 0.096 ± 0.017
Recall@1 0.100 ± 0.000 0.100 ± 0.000
Recall@3 0.300 ± 0.058 0.233 ± 0.067
Recall@5 0.400 ± 0.058 0.300 ± 0.000
Recall@10 0.633 ± 0.033 0.467 ± 0.033
nDCG@5 0.840 ± 0.007 0.851 ± 0.005
nDCG@10 0.854 ± 0.009 0.856 ± 0.006
Pairwise Accuracy 0.747 ± 0.002 0.764 ± 0.000
Spearman ρ 0.675 ± 0.005 0.707 ± 0.001

sequential baselines like BOHB, RGPE, SMAC,
and TPE. Notably, paired two-sided Wilcoxon
signed-rank tests on per-dataset mean performance
showed that AutoPipe significantly outperforms the
Offline-only baseline (Holm-adjusted p = 0.027),
while its difference from the highest-performing
full-fidelity baseline, RGPE, is not statistically sig-
nificant (p = 0.287). Full-fidelity methods, which
make use of multiple end-to-end evaluation cy-
cles, represent a high-resource point of compar-
ison. Their early-stopped variants improve over
several weaker static baselines but remain below
their full-fidelity counterparts, indicating that early-
stop signals are noisy yet directionally informative.
This gap underscores the value of offline struc-
ture: proxy signals alone are insufficient, but when
used to refine a strong dataset-conditioned prior,
they can recover much of the benefit of sequential
search.

Overall, the end-to-end results show that com-
petitive configuration selection is achievable even
when online optimization is limited to early-
stopped signals, provided that these signals are
combined with structure learned across datasets.
The two-phase framework narrows the efficiency-
quality gap by amortizing global interaction struc-
ture offline and reserving online computation for
dataset-specific correction.

Offline Component Analysis. We next examine
whether the offline components provide useful sig-
nals before online adaptation. Table 5 reports rank-
ing metrics between true end-to-end performance
and predictions for the offline ranker and early-
stop regressor. The strong performance of the of-
fline ranker suggests that it transfers useful order-
ing structure across datasets despite heterogeneous
performance scales. The early-stop regressor is
competitive with, and on several metrics slightly
stronger than, the offline ranker, while serving a
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different role: it predicts dataset-specific residual
corrections from partial training dynamics, thus act-
ing as a cautious correction mechanism rather than
a standalone selector. An analysis of the feature
groups used by the offline ranker and early-stop
regressor is included in Appendix D.5; broadly,
dataset-derived features account for most of the
normalized gain in both models, while training dy-
namics features also play a substantive role for the
early-stop regressor.

4.3 Source-Disjoint Transfer

The primary LODO setting contains source rela-
tionships among some of the post-training datasets,
particularly for sources such as MedQA (Jin et al.,
2021) and PubMedQA (Jin et al., 2019). We there-
fore evaluate AutoPipe on CasiMedicos-Arg (Sviri-
dova et al., 2024), whose question source of Span-
ish medical exams is absent from the other ten
datasets used in the LODO setting. This represents
a stronger transfer setting in which offline com-
ponents cannot benefit from historical runs with
overlapping question sources. Table 6 reports the
results. Similarly to our main LODO evaluation,
AutoPipe achieves results comparable to its full-
fidelity counterparts, demonstrating that combin-
ing historical guidance with target-specific online
correction confers benefits even when the target
question source is disjoint from those in the offline
corpus. Component ablations and sensitivity analy-
ses on CasiMedicos-Arg show broadly similar qual-
itative behavior to the primary LODO experiments
and are reported in Appendix D.4.

4.4 Ablation Studies

We ablate three key components of the framework
to verify that observed gains arise from their inter-
action rather than from any single design choice:
(1) the residual formulation of the GP, (2) the BO
procedure itself, and (3) the offline ranker.

No Residual. This ablation removes the residual
formulation, where the GP models corrections to
the ranking score (y(z)d,c−s

(z)
d,c−bd), and instead mod-

els y(z)d,c directly. The offline ranker is still used to
guide selection. This tests whether learning residu-
als from a strong prior improves sample efficiency
compared to learning the objective from scratch.

No BO. This ablation removes the BO loop and
evaluates the top k configurations ranked by the
offline ranker. This tests whether adaptive search
adds value beyond trusting the offline ranker alone.

Table 6: Configuration selection performance, regret
and cost on the source-disjoint dataset.

Method Performance Regret Cost

Static & Zero-Shot Baselines
Random 0.452 ± 0.068 0.175 ± 0.068 0.3 ± 0.1
LLM (Desc.) 0.019 0.608 0.4
LLM (Hist.) 0.518 0.109 0.3
Global 0.181 0.446 0.7
Offline-only 0.592 ± 0.003 0.035 ± 0.003 0.5 ± 0.1

Sequential Baselines
Random Search

ES 0.552 ± 0.029 0.075 ± 0.029 0.6 ± 0.1
Full 0.595 ± 0.005 0.032 ± 0.005 7.3 ± 0.1

BOHB 0.600 ± 0.005 0.027 ± 0.005 9.0 ± 0.5
RGPE

ES 0.614 ± 0.003 0.013 ± 0.003 1.0 ± 0.1
Full 0.622 ± 0.003 0.005 ± 0.003 9.7 ± 1.0

SMAC
ES 0.549 ± 0.032 0.078 ± 0.032 0.8 ± 0.1
Full 0.618 ± 0.006 0.009 ± 0.006 6.7 ± 0.5

TPE
ES 0.530 ± 0.007 0.097 ± 0.007 0.6 ± 0.1
Full 0.590 ± 0.012 0.037 ± 0.012 6.8 ± 1.0

Ours 0.624 ± 0.002 0.003 ± 0.002 1.1 ± 0.1

No Offline. This ablation removes all involvement
of the offline ranker from the online phase. The
GP models y(z)d,c directly, candidate selection is no
longer guided by the ranker, and the early-stop re-
gressor is retrained to predict y(z)d,c rather than resid-
uals. This tests the overall value of incorporating
offline knowledge into the search process.

Table 7: Ablation results for key components.

Variant Performance Regret Cost

Full method 0.594 ± 0.002 0.056 ± 0.002 9.5 ± 0.4

No Residual 0.549 ± 0.017 0.101 ± 0.017 9.0 ± 0.5
No BO 0.552 ± 0.019 0.098 ± 0.019 9.9 ± 0.4
No Offline 0.511 ± 0.020 0.139 ± 0.020 7.1 ± 0.8

Table 7 clarifies the role of each component in the
framework. Removing any single one degrades per-
formance, with the largest drop occurring when of-
fline structure is removed entirely in the No Offline
variant. This variant exhibits performance compa-
rable to the early-stopped versions of the sequential
baselines, suggesting that without offline learned
guidance, the method largely reverts to classical
BO under noisy and weakly informative signals.
The No Residual ablation indicates that directly
modeling absolute performance instead of resid-
ual corrections leads to a substantial performance
drop, suggesting that correcting the offline score is
more sample-efficient than learning the full objec-
tive from noisy proxy observations. Additionally,
No BO slightly outperforms No Residual despite
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the removal of adaptive search, suggesting that a
structured prior with conservative correction can be
more effective than adaptive optimization applied
to a poorly specified objective. Overall, these abla-
tions show that performance gains arise from the
interaction between offline structural knowledge
and residual-based online updates. BO is an effec-
tive refinement mechanism only when this structure
is present.

4.5 Sensitivity Analysis
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Figure 2: Sensitivity of performance (average bench-
mark accuracy) to online evaluation budget.

Sensitivity to budget. Figure 2 plots performance
against the number of online evaluations. For our
method, online updates are driven by early-stopped
SFT signals passed through the early-stop regres-
sor, whereas the full-fidelity sequential baselines
use full end-to-end evaluations as their optimiza-
tion signal. Despite operating under this noisier
low-cost feedback regime, our approach performs
strongly even at low evaluation counts, due to
rapid early gains from starting search in a favor-
able region identified by the offline ranker. With
larger budgets, improvements become incremen-
tal, suggesting diminishing returns once the initial
guidance has been locally refined. The mild non-
monotonicity at very low budgets reflects noise in
the proxy-feedback loop, but this effect is small and
is quickly corrected as more evidence accumulates.

Sensitivity to early-stop fidelity. Table 8 reports
performance when early-stop runs are truncated
at 25%, 50%, and 75% of the full SFT trajectory.
Very short truncation (25%) degrades performance,
suggesting that coarse early-stop signals are in-
sufficiently reliable. Increasing truncation to 50%
yields substantial improvement, while extending to
75% provides no consistent gains and can slightly
hurt performance. Overall, signal utility appears to

saturate beyond moderate fidelity, and performance
remains stable across multiple truncation lengths.
This robustness suggests that partial training dy-
namics are a practical proxy for online adaptation
without requiring precise truncation tuning.

Table 8: Sensitivity to early-stop truncation length.

Variant Performance Regret Cost

25% 0.561 ± 0.006 0.089 ± 0.006 8.7 ± 0.9
50% 0.594 ± 0.002 0.056 ± 0.002 9.5 ± 0.4
75% 0.585 ± 0.007 0.065 ± 0.007 10 ± 0.3

Sensitivity to offline-guidance tempering. We
examined performance sensitivity to the anneal-
ing schedule of wt, a coefficient that controls how
strongly the online search remains anchored to the
offline ranking. In Table 9, we compare the de-
fault linear schedule 1.0 → 0.7 against constant
wt = 1.0, constant wt = 0.7, and a more ag-
gressive 1.0 → 0.3 schedule. Our default sched-
ule achieves the strongest performance among the
tested variants. Keeping offline contribution fixed
at 1.0 limits target-specific adaptation, whereas re-
ducing its weight too strongly can discard useful
transferable structure. Moderate annealing there-
fore balances preserving historical guidance early
in search and allowing target-specific correction as
online evidence accumulates.

Table 9: Sensitivity to offline-guidance tempering.

wt Variant Performance Regret Cost

1.0 → 0.7 0.594 ± 0.002 0.056 ± 0.002 9.5 ± 0.4

1.0 0.545 ± 0.008 0.105 ± 0.008 9.6 ± 0.4
0.7 0.530 ± 0.030 0.121 ± 0.030 9.5 ± 0.4

1.0 → 0.3 0.550 ± 0.009 0.100 ± 0.009 9.9 ± 0.1

5 Conclusion

AutoPipe’s core takeaway is that ranking transfer
with local correction can effectively tune SFT–RL
pipelines when full-fidelity trials are too expen-
sive; an offline, dataset-conditioned ordering nar-
rows the search to promising regions, and a small
amount of online evidence helps correct dataset-
specific miscalibration. In biomedical QA, in both
our main LODO evaluation setting and a harder
source-disjoint evaluation setting, this strategy con-
sistently outperforms strong offline-only and early-
stopped baselines, and remains competitive with
full-fidelity HPO baselines while using substan-
tially less online compute.
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Limitations

A remaining weakness is reliance on early-stopped
proxy signals and historical priors: when truncated
SFT dynamics are noisy or weakly related to post-
RL outcomes, or under dataset shift, performance
can be mildly non-monotonic at very low budgets
before correcting as more evidence accrues. Addi-
tionally, our early-stop experiments use moderate
SFT scales, and truncating at 50% may remain
costly for substantially larger training sets even if
the RL stage dominates the overall cost. Evaluating
more aggressive or absolute stopping rules in such
settings is a promising direction for future work.
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A Problem Setup

A.1 Dataset and Benchmark Details

A.1.1 Dataset details
We study our methods on ten instruction-style
datasets for medical reasoning post-training. The
datasets differ along several axes, including prompt
sources, teacher model, use of retrieval augmenta-
tion, and response format. Taken together, they
form a heterogeneous testbed for investigating
configuration selection in multi-stage LLM post-
training pipelines for medical reasoning.

Datasets introduced in this paper

For the datasets newly introduced in this work, both
reasoning traces and final responses are distilled
from DeepSeek-R1, and examples are retained only
if the final answer is correct. The datasets differ pri-
marily in how prompts are constructed, as detailed
below.

MQA. MQA is built from a subset of medical
and clinical questions sampled from the training
splits of MedQA (Jin et al., 2021) and MedMCQA
(Pal et al., 2022).

MQAR. MQAR extends MQA with retrieval
augmentation and is intended to assess whether
a model can reason effectively in the presence of
external evidence. Following the general spirit of
MIRAGE (Chen et al., 2025), we assemble a spe-
cialized medical corpus from chunked medical text-
books provided by Jin et al. (2021) together with
PubMed abstracts collected by Jin et al. (2023). For
each question, we retrieve the top 10 passages from
this corpus using BM25, and then distill both the
response and reasoning trace conditioned on the
retrieved evidence. The resulting examples there-
fore represent evidence-grounded clinical question
answering.

PQA. PQA is derived from the pqa_artificial
split of PubMedQA (Jin et al., 2019). To broaden
the range of contextual and linguistic settings seen
during post-training, we construct three variants
using distinct prompt templates. The first preserves
the original question-context pairing, where the
question is adapted from the article title and the
context is the corresponding abstract. The second
and third variants introduce a variable number of
distractor abstracts retrieved by BM25 using the
question as the query. In one variant, article ti-
tles are included before each abstract, emphasizing
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structured information extraction; in the other, ti-
tles are omitted, forcing greater semantic integra-
tion across the provided contexts. The final PQA
dataset is obtained by mixing these three variants
in equal proportions.

MQA(R). MQA(R) is a composite dataset cre-
ated by balanced sampling from MQA and MQAR.

MQA(R)PQA. MQA(R)PQA is a composite
dataset created by balanced sampling from MQA,
MQAR, and PQA.

Open-source datasets from recent medical rea-
soning papers

HuaTuo (Chen et al., 2024). HuaTuo is an
open-ended medical instruction dataset con-
structed from difficult MedQA and MedM-
CQA examples reformatted into free-response
form. The responses are distilled from GPT-
4o. For SFT, we use the en_mix subset of the
medical-o1-reasoning-SFT split; for RL, we
use the medical-o1-verifiable-problem split.

MedReason (Wu et al., 2025). MedReason is
designed to encourage explainable medical prob-
lem solving in LLMs through the use of medical
knowledge graphs. For each example, relevant por-
tions of a medical knowledge graph are retrieved
and used to guide GPT-4o in synthesizing a reason-
ing chain. The underlying questions are drawn
from a diverse mixture of medical and general
benchmarks, including MedQA, MedMCQA, Pub-
MedQA, MMLU, MedXpertQA, and Humanity’s
Last Exam.

MedS3 (Jiang et al., 2025). MedS3 employs a
self-evolution framework based on Monte Carlo
Tree Search to generate and verify long-form rea-
soning trajectories. We use the resulting MedS3
dataset, whose prompts come from 16 medical and
general-domain datasets and are paired with trajec-
tories produced by the MedS3 pipeline.

ReasonMed (Sun et al., 2025). ReasonMed is
produced by a multi-agent pipeline that generates,
verifies, and iteratively revises reasoning trajecto-
ries distilled from multiple teacher models. Its cura-
tion pipeline reduces an initial pool of 1.75 million
trajectories to 370k high-quality examples. The
prompts are sourced from MedQA, MedMCQA,
MMLU, and PubMedQA.

m23k (Huang et al., 2026). m23k is created
through a multi-stage refinement process that in-
cludes difficulty filtering (to remove instances al-
ready solvable by standard base models), reasoning
generation with DeepSeek-R1, and filtering based
on final-answer correctness. Its prompts come from
MedMCQA, MedQA, HeadQA, and PubMedQA.

CasiMedicos-Arg (Sviridova et al., 2024).
CasiMedicos-Arg is a medical QA dataset derived
from Spanish MIR medical residency examinations
(which are not represented among the previous ten
datasets). We use the English configuration re-
leased on HuggingFace, which contains 622 exam-
ples across data splits. Because CasiMedicos-Arg
is used here as a post-training target rather than
as a downstream evaluation benchmark, we com-
bine all data splits before preprocessing. Owing to
the smaller size of CasiMedicos-Arg, we partition
the available examples into a similar 5:2 ratio for
SFT:RL allocation, rather than matching the fixed
sizes used for the primary LODO targets.

We apply the same preprocessing pipeline to all
datasets, consisting of length filtering followed by
sampling. For datasets introduced in this paper, we
explicitly enforce balanced representation across
prompt sources in the final dataset (for example,
MQA contains 50% MedQA prompts and 50%
MedMCQA prompts). For open-source datasets
from prior work, we instead perform stratified sam-
pling according to the original source distribution,
unless a single source overwhelmingly dominates
the pool (e.g., more than 90% of examples). In
such cases, we switch to equal sampling across
all available sources in order to preserve source
diversity.

A.1.2 Benchmark details
Final model performance is measured on twelve
biomedical question-answering benchmarks.
These benchmarks span different answer formats,
domain scopes, and difficulty levels, allowing us
to evaluate generalization across both biomedical
knowledge recall and clinical reasoning.

BioASQ-Y/N (Tsatsaronis et al., 2015; Krithara
et al., 2023). Following Xiong et al. (2024), we
use a modified version of the BioASQ Task B
machine reading comprehension benchmark. The
benchmark contains 618 binary (Yes/No) questions
drawn from the 2019-2023 competition cycles. In
contrast to the original task formulation, which pro-
vides gold literature snippets, the modified version
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removes these supporting snippets, requiring the
model to answer using only parametric biomedical
knowledge.

GPQA (Biology) (Rein et al., 2024). This bench-
mark consists of graduate-level biology multiple-
choice questions authored by domain experts.

MedBullets (Chen et al., 2025). MedBullets is a
recently introduced medical licensing exam-style
benchmark composed of multiple-choice questions
based on realistic clinical scenarios. Chen et al.
(2025) report that it is more difficult than older
benchmarks such as MedQA, likely due in part to
its more recent curation. We evaluate both the 4-
option and 5-option versions, with the latter adding
an extra distractor choice to increase difficulty.

MedMCQA (Pal et al., 2022). MedMCQA is
a large-scale multiple-choice medical QA bench-
mark derived from Indian medical entrance exami-
nations.

MedQA (Jin et al., 2021). MedQA contains
medical licensing examination questions collected
from multiple geographic regions. We use the US
subset.

MedXpertQA (Zuo et al., 2025). MedXpertQA
is curated from medical professional and specialty
board examinations through a pipeline involving
AI-based filtering, question rewriting, and physi-
cian review. Each question has 10 answer options,
which is substantially more than is typical in med-
ical QA benchmarks. In addition, the questions
cover a broad range of body systems and special-
ties, making this benchmark relatively challenging.

MMLU (Medicine) (Hendrycks et al., 2021).
We use the six medicine-related MMLU subjects:
anatomy, clinical knowledge, college biology, col-
lege medicine, medical genetics, and professional
medicine.

MMLU-Pro (Biology & Health) (Wang et al.,
2024b). MMLU-Pro is a more challenging vari-
ant of MMLU. We use its biology and health sub-
sets.

PubMedQA (Jin et al., 2019). PubMedQA is
a biomedical QA benchmark in which PubMed
abstracts are paired with question statements de-
rived from article titles, and the task is to deter-
mine whether the abstract entails the statement
(yes/no/maybe).

PubMedQA (Questions Only). In the
questions-only setting, the model receives
the question statement without any accompanying
abstract. This isolates parametric biomedical
knowledge.

PubMedQA (With Distractor Abstracts). In
the distractor setting introduced in this work, each
question is paired with its gold abstract along with
several distractor abstracts. This setting requires
the model to identify useful evidence in addition to
producing the correct answer. Distractor abstracts
are retrieved with BM25 using the question state-
ment as the query.

To keep evaluation costs tractable, we evaluate
on fixed subsets rather than the complete bench-
mark suites. Unless stated otherwise, we randomly
sample 100 examples per benchmark from the test
split, or from the validation split if no test split is
available. Two benchmarks are exceptions to this
default: GPQA (Biology), which contains 78 ex-
amples, and MMLU (Medicine), which contains
123 examples after aggregating the six medicine-
related subjects. Altogether, the final evaluation
suite contains 1,201 prompts.

A.2 Sampling from the Configuration Space

To build the offline corpus, we sample 600 con-
figurations from the search space using a scheme
that guarantees equal coverage of every possible
value of each hyperparameter. This design avoids
concentrating too heavily on a narrow region of
the search space and increases the diversity of the
training data available to both the offline ranker and
the early-stop regressor.

We further increase diversity in the offline corpus
by varying dataset scale across training stages. For
SFT, we use subsets of 1000, 2000, and 4000 sam-
ples. For RL, we vary the training horizon across
50, 100, and 200 steps, adjusting the amount of RL
data accordingly. As a result, the offline corpus
captures variation not only in hyperparameter set-
tings but also in the scale of the underlying training
procedure, thereby exposing downstream models
to a broader range of optimization behaviors.

B Methodological Details

B.1 Offline Surrogate Model

This section provides additional implementation
details for the offline ranker that provides guidance
during online optimization.
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B.1.1 Feature Construction and Selection
For each dataset-configuration pair, we construct
a heterogeneous feature representation that jointly
describes the configuration and the dataset. The
full initial feature set is divided into four groups:

• Configuration features (13). These represent
the post-training hyperparameter choices, in-
cluding learning rates, batch sizes, numbers
of epochs, and other discrete design decisions.
They correspond to the configuration space in
Table 3, with the base model one-hot encoded.

• Simple dataset features (26). These are
coarse descriptive statistics such as token
counts, vocabulary size, mean sequence
length, and average embedding distances, in-
tended to summarize basic structural proper-
ties of each dataset.

• Rich dataset features (82). These capture
higher-level linguistic and structural proper-
ties, such as lexical diversity, type–token ratio,
and measures of instructional or textual com-
plexity.

• Dataset overlap features (204). These quan-
tify similarity between the training dataset and
a set of target benchmarks using several simi-
larity measures, including TF-IDF cosine sim-
ilarity, embedding-based similarity, and Jac-
card overlap.

All of these features are available before any post-
training run is executed and do not depend on
labels or post hoc evaluation signals from target
datasets. To reduce redundancy and improve ro-
bustness, we apply a dataset-aware feature filtering
procedure before training. For each dataset, we flag
features whose variance falls below 10−2 times the
median feature variance, as well as features that
are highly correlated (Pearson correlation ≥ 0.97).
Any feature flagged in at least 9 of the 10 datasets
is removed. After filtering, the dimensionality de-
creases from 325 to 223 features, consisting of 13
configuration features, 22 simple dataset features,
59 rich dataset features, and 129 dataset overlap
features.

B.1.2 Training and Validation Protocol
We train and evaluate the ranker under a leave-
one-dataset-out (LODO) protocol in order to match
the intended deployment setting. Each dataset is
treated as a ranking group, with all associated con-
figurations forming a ranked list. We also treat
multiple subsets sampled from the same underly-

ing dataset as belonging to the same ranking group,
since their computed dataset characteristics are
highly similar. In each fold, the model is trained on
nine datasets and evaluated on the held-out tenth
dataset.

We use XGBRanker as the base model because
it can represent non-linear interactions between
dataset features and configuration features while
directly optimizing a ranking objective. To improve
stability, we train an ensemble of three XGBRanker
models with identical hyperparameters but different
random seeds. Final scores and evaluation metrics
are computed from the average of the ensemble
predictions.

Hyperparameters are selected by grid search over
standard XGBoost settings such as tree depth, learn-
ing rate, and number of estimators. We choose the
final setting based on both the mean and minimum
NDCG@5 across datasets so as to favor robust
cross-dataset performance rather than strong aver-
age performance alone.

B.2 Early-Stop Regressor for Low-Cost
Online Updates

This section provides implementation details for
the early-stop regressor used in the online phase.
In contrast to the offline ranker, whose scores can
be computed without running new experiments,
the early-stop regressor operates on partial signals
observed from a small number of executed runs. Its
purpose is to produce a low-cost proxy signal that
can be used to update the online optimizer without
repeatedly paying the cost of full RL training.

B.2.1 Feature Construction from SFT
Training Dynamics

The regressor uses training dynamics recorded dur-
ing SFT. We focus on SFT because it is much
cheaper than RL while still yielding informative
signals about downstream behavior: the eventual
RL outcome depends heavily on the quality and
stability of the SFT initialization, so early SFT dy-
namics can provide useful evidence about which
configurations are likely to perform well in the full
post-training pipeline.

For each run, we extract logged time-series met-
rics such as training loss, validation loss, gradient
norm statistics, entropy-like quantities, and related
training signals. From each trajectory, we com-
pute summary statistics intended to capture both
overall behavior and local stability. These include
the mean, maximum, minimum, standard deviation,
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slope, and mean difference.
To avoid leaking information from beyond the

early-stop point, all training-dynamic features are
computed only on truncated prefixes of the trajec-
tory. We define a prefix window covering the first
50% of the SFT trajectory. We also define a late
window corresponding to the last 20% of that pre-
fix window, which is intended to capture late-stage
stability and local convergence behavior. For every
metric and summary statistic, we compute features
over both windows.

B.2.2 Feature Filtering
As with the offline ranker, we prune features to re-
duce redundancy and improve generalization. We
remove features with near-zero variance (below
10−2 times the median feature variance) and fea-
tures with high pairwise correlation (Pearson cor-
relation ≥ 0.97). The same pruning rule is applied
across datasets to reduce the risk of overfitting to
logging artifacts specific to any one dataset.

B.2.3 Regression Target: Standardized
Residual Correction

An important design choice is the regression target.
The offline ranker yields a dataset-conditioned or-
dering over configurations, but its score is only an
imperfect proxy for true end-to-end performance.
At the same time, directly regressing on absolute
performance is undesirable because the target may
be dominated by dataset-level shifts in performance
scale, i.e., some datasets may simply be easier or
harder than others. Because the regressor is used
to update the online procedure from noisy partial
observations, we instead define the target as a stan-
dardized residual correction. Let yd,c denote the
full end-to-end performance of configuration c on
dataset d, and let s(z)d,c denote the within-dataset
z-normalized score assigned by the offline ranker.
We first z-normalize the end-to-end performance:

y
(z)
d,c =

yd,c − µd

σd + ϵ

Here, µd and σd denote the normalization statistics
used for dataset d in that fold; for training datasets
they are estimated from the offline corpus, while
the held-out dataset is never used to fit these statis-
tics. We then define the regression target as

rd,c = y
(z)
d,c − s

(z)
d,c

The regressor is trained to predict rd,c from con-
figuration features, dataset features, and early-stop

dynamic features only. In particular, the offline
score s

(z)
d,c is not supplied directly as an input fea-

ture.

Inference and evaluation. At inference time,
we reconstruct the final score used for ranking or
configuration selection by anchoring to the offline
ranker and adding the predicted correction r̂d,c:

ŷ
(z)
d,c = s

(z)
d,c + r̂d,c

This makes the regressor a conservative correction
mechanism: if the early-stop signals are weak or
noisy, predictions remain close to the offline score,
reducing the chance that BO is misled by unreliable
pseudo-observations. For evaluation, we compare
ŷ
(z)
d,c against the true standardized performance y(z)d,c

using ranking and selection metrics.

B.2.4 Training and Validation Protocol
We use XGBRegressor models to map early-stop
features to residual corrections. The regressor is
trained and evaluated under the same LODO proto-
col as the offline ranker. To improve stability and
obtain a crude uncertainty estimate for online BO
updates, we train an ensemble of five regressors
with identical hyperparameters but different ran-
dom seeds. Their predictions are averaged, and the
ensemble spread is used as a noise estimate when
the regressor outputs are incorporated as pseudo-
observations in the online phase. Hyperparameters
are selected by grid search over standard XGBoost
settings. Final model selection is based on the
mean and minimum NDCG@5 across datasets.

B.3 Online Implementation
This section describes how post-training configu-
rations are selected during the online phase. The
BO loop combines prior guidance from the offline
ranker with sequential updates derived from partial
training signals and the early-stop regressor.

B.3.1 Gaussian Process over Residual
Corrections

For each dataset–configuration pair (d, c), the of-
fline ranker provides a standardized score s

(z)
d,c .

As described above, this score induces a dataset-
conditioned ordering over configurations and is
available before any online evaluation is performed.

Rather than modeling absolute performance di-
rectly, we again work in standardized residual
space, analogous to the early-stop regressor. In the
online setting, however, we additionally introduce
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a dataset-specific offset term to improve adaptation.
Concretely, we define

r̃d,c = y
(z)
d,c − s

(z)
d,c − bd

where y(z)d,c is standardized end-to-end performance,

s
(z)
d,c is the standardized offline ranker score, and bd

is a dataset-specific offset. The GP then models a
latent function fd(c) such that

fd(c) ∼ GP(0, k(c, c′))

By construction, the GP therefore has zero mean
in residual space. We use a kernel with automatic
relevance determination (ARD) across feature di-
mensions, allowing different features and hyper-
parameters to operate on different characteristic
length scales. This is desirable because different
components of the post-training pipeline can influ-
ence optimization behavior at very different granu-
larities.

B.3.2 Updating the GP
Warm-start Initialization. We initialize BO
with a diverse set of configurations chosen using
the offline ranker scores. The goal is to improve
early coverage of the search space and reduce the
risk of premature convergence.

Acquisition Function. At BO iteration t, let
µf,t(c) and σf,t(c) denote the GP posterior mean
and standard deviation for the residual correction.
The standardized performance estimate is

ŷ
(z)
d,c,t = wt s

(z)
d,c + bd,t + µf,t(c)

where bd,t is the current estimate of the dataset-
specific offset and wt ∈ [0, 1] is a tempering coef-
ficient that controls how strongly the search is an-
chored to the offline ranker. We linearly anneal wt

from 1.0 to 0.7, so that earlier iterations rely more
heavily on transferable offline structure, while later
iterations are allowed to adapt more strongly to
dataset-specific evidence. We use an Upper Confi-
dence Bound (UCB) acquisition function:

αt(c) = ŷ
(z)
d,c,t + βt σf,t(c)

where βt governs the exploration–exploitation
trade-off. Because the offline score does not vary
across BO iterations, exploration is driven by un-
certainty in the residual correction, while the over-
all ranking remains tied to the offline guidance.
We use a decaying schedule for βt, starting with
stronger exploration and gradually shifting toward
exploitation as evidence accumulates.

Early-Stop Updates. At each BO iteration, the
selected configuration is partially evaluated by run-
ning SFT to a predefined early-stop point. The
resulting training dynamics are fed into the early-
stop regressor (Appendix B.2), which outputs a pre-
dicted pre-bias residual correction r̂d,c. We store
these pseudo-observations in their pre-bias form.
After updating the dataset-specific offset bd,t, the
GP is refit on centered targets:

r̂d,c − bd,t = fd(c) + η, η ∼ N (0, σ2
ens)

where σ2
ens is the ensemble variance of the regressor

prediction, subject to a minimum variance floor.
This separation allows the offset term to capture
dataset-wide miscalibration while the GP models
configuration-specific deviations.

Dataset-specific Offset. To account for dataset-
level mismatch between offline guidance and target-
dataset behavior, we maintain a dataset-specific
offset bd. Let ∆i denote the i-th stored pre-bias
residual pseudo-observation. After t online obser-
vations have been collected, we update the offset
using the inverse-variance-weighted mean

bd,t =

∑t
i=1∆i/vi∑t
i=1 1/vi

,

where vi is the observation variance associated with
∆i. The GP at iteration t is then refit on centered
targets (∆i − bd,t), so that bd,t absorbs dataset-
wide shift while the latent function fd(c) models
configuration-specific departures.

C Evaluation Methodology

C.1 End-to-end Evaluation
To ensure a controlled comparison across LODO
splits, we define a fixed evaluation-scale version
of each of the ten held-out datasets. Specifically,
we fix the number of SFT prompts across target
datasets and likewise fix the number of RL prompts.
We refer to these fixed-scale dataset versions as the
canonical distributions. Dataset meta-features are
computed on these canonical distributions, and all
methods and baselines are evaluated under the same
data configuration to ensure a fair comparison.

All training workflows are implemented using the
HuggingFace library, with SFTTrainer for super-
vised fine-tuning and GRPOTrainer for reinforce-
ment learning. For SFT, we use a cosine learning-
rate schedule with warmup ratio 0.1. For GRPO,
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we use the dr_grpo loss with ϵhigh = 0.28. Across
all tasks, the reward is defined as a composite rule-
based signal consisting of:

• Format reward: a small incentive for follow-
ing the requested output structure

• Accuracy reward: a binary reward based on
exact match with the ground-truth answer

To enable automatic answer parsing, we append
the instruction “At the end of your response, output
{answer_format} where X is your chosen answer.”
to all RL prompts. To make the model less sensi-
tive to a single answer-format instruction, we vary
{answer_format} across prompts using eight dis-
tinct formats, including \boxed{X} and **Answer:
X**.

We conduct all evaluations with the lm-evaluation-
harness framework, which provides a standardized
interface across heterogeneous tasks. All bench-
marks use the same prompt template (Prompt 1)
and require a free-form response ending in a fi-
nal answer. In post-processing, we apply a regex-
based filter to extract the first short-form answer
token following the delimiter “Answer:”. We then
compute case- and punctuation-insensitive exact-
match accuracy against the gold label. Genera-
tion settings are kept consistent across benchmarks,
including stochastic decoding, a fixed maximum
generation length, and standard end-of-sequence
stopping rules. Because decoding is stochastic, all
benchmark results are averaged over three random
seeds.

Prompt 1: Evaluation prompt template

Solve the following question step-by-step. At
the end of your answer, output "Answer: X"
where X is the option corresponding to your
final answer.

{question}
A: ...
B: ...
C: ...
D: ...
(additional options if any)

Repeated runs and sources of randomness. In
addition to decoding stochasticity, several configu-
ration selection methods contain stochastic compo-
nents. We therefore repeat each stochastic method
thrice using independent experimental seeds. For
methods with learned offline components, the cor-
responding gradient-boosted models are retrained

under each repetition with independently seeded
model initialization (this is distinct from the mul-
tiple independently seeded models within each of-
fline ranker/regressor ensemble). Repetition of se-
quential methods rerun the complete online selec-
tion procedure with an independent search seed.
The final configuration selected in each repetition
is also evaluated using the three-seed protocol de-
scribed above. Hence, each repetition captures the
stochasticity of the method components relevant to
the corresponding approach, rather than only that
of the final benchmark evaluation. We report per-
formance, regret, and cost as the mean and standard
error across the three independent repetitions.

C.2 Baseline Implementations

This section describes the implementation details
of the baselines.

C.2.1 Static & Zero-Shot Baselines
Random (Single run). We uniformly sample one
configuration from the search space and execute it.

LLM Recommendation (Description-only).
For this baseline, we query GPT 5.2 using the
prompt shown in Figure C.1 and obtain a single
recommended configuration for each dataset. The
prompt includes only the task description together
with a basic summary of the unseen dataset.

LLM Recommendation (History-conditioned).
For this baseline, we query GPT 5.2 using the
prompt in Figure C.2 and obtain one recommenda-
tion per dataset. To provide historical context, we
retrieve neighboring datasets by cosine similarity
to the target dataset in the joint meta-feature space.

Global. For each held-out dataset, we define the
“global best” configuration as the single hyperpa-
rameter setting with the highest absolute perfor-
mance across the other nine datasets. That config-
uration is then evaluated on the held-out dataset.
This baseline therefore benefits from prior experi-
mental evidence, but it does not adapt to target-
dataset-specific properties such as training size,
which may vary across the offline corpus.

Offline-only (Ranker). This baseline measures
the zero-shot transfer ability of the offline ranker.
For each held-out dataset, the ranker scores all
34,992 configurations in the search space. We then
run a single full-fidelity evaluation on the highest-
ranked configuration and report its final accuracy.
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Prompt 2: LLM Recommendation (Description-only) Template

You are an expert researcher executing an LLM post-training workflow consisting of supervised fine-tuning (SFT)
followed by reinforcement learning (RL). You are tasked with finding a suitable hyperparameter configuration for this
workflow. You are provided with the objective of the post-training workflow, the configuration space, and some
characteristics about the dataset you will be using.
## Objective
The outcome of the post-training should be a medical reasoning model. Its performance will be evaluated on a series of
medical benchmarks, including MedQA, MedMCQA, PubMedQA, MedBullets, MMLU (Med), MMLU-Pro
(Biology/Health), GPQA (Biology), MedXpertQA and BioASQ. You should aim to maximize performance on this set
of benchmarks. You cannot run experiments or use historical results; decide only from the information given.
## Configuration space

• base_model: {L1 (Llama-3.2-1B-Instruct), L3 (Llama-3.2-3B-Instruct), L8 (Llama-3.1-8B-Instruct), Q1
(Qwen2.5-1.5B-Instruct), Q3 (Qwen2.5-3B-Instruct), Q8 (Qwen2.5-7B-Instruct)}

• sft_lr: {1× 10−5, 2× 10−5, 5× 10−5}, sft_batch: {32, 64, 128}, sft_epoch: {1, 2, 3}
• rl_lr: {1× 10−6, 2× 10−6, 5× 10−6, 1× 10−5}, rl_batch: {64, 128, 256}, rl_beta: {0, 0.05, 0.1},
rl_rollouts: {8, 16}, rl_temp: {0.7, 0.9, 1.1}

## Dataset characteristics
SFT Stage:

• prompt sources: ⟨src_sft⟩
• n_samples: ⟨data_n_sft_samples⟩
• prompt_len_tokens: mean=⟨µp,sft⟩, sd=⟨σp,sft⟩
• completion_len_tokens: mean=⟨µc,sft⟩, sd=⟨σc,sft⟩
• completion_source: ⟨comp_src⟩
• task_format: ⟨fmt_sft⟩
• num_choices_min: ⟨min_c⟩, max: ⟨max_c⟩

RL Stage:
• prompt sources: ⟨src_rl⟩
• n_samples: ⟨data_n_rl_samples⟩
• prompt_len_tokens: mean=⟨µp,rl⟩, sd=⟨σp,rl⟩
• task_format: ⟨fmt_rl⟩
• num_choices_min: ⟨min_c⟩, max: ⟨max_c⟩
• reward_type: accuracy (exact match)

## Your recommendation
Based on the above configuration space and task information, recommend a suitable hyperparameter configuration. All
hyperparameter values must be chosen from the configuration space. Format your recommendation in a single JSON
object:

{
"base_model": "...",
"sft_lr": "...",
"sft_batch": "...",
"sft_epoch": "...",
"rl_lr": "...",
"rl_batch": "...",
"rl_beta": "...",
"rl_rollouts": "...",
"rl_temp": "..."

}

Figure C.1: Prompt template used for LLM Recommendation (Description-only) baseline. Values enclosed in
angled brackets are dependent on the unseen dataset.
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Prompt 3: LLM Recommendation (History-conditioned) Template

You are an expert researcher executing an LLM post-training workflow consisting of supervised fine-tuning (SFT)
followed by reinforcement learning (RL). You are tasked with finding a suitable hyperparameter configuration for
this workflow. You are provided with the objective of the post-training workflow, the configuration space, some
characteristics about the dataset you will be using, and the results of some previous experiments using similar datasets.
## Objective
The outcome of the post-training should be a medical reasoning model. Its performance will be evaluated on a
series of medical benchmarks, including MedQA, MedMCQA, PubMedQA, MedBullets, MMLU (Med), MMLU-Pro
(Biology/Health), GPQA (Biology), MedXpertQA and BioASQ. You should aim to maximize performance on this set
of benchmarks. You cannot run new experiments; decide only from the information given.
## Configuration space

• base_model: {L1 (Llama-3.2-1B-Inst), L3 (Llama-3.2-3B-Inst), L8 (Llama-3.1-8B-Inst), Q1 (Qwen2.5-1.5B-Inst),
Q3 (Qwen2.5-3B-Inst), Q8 (Qwen2.5-7B-Inst)}

• sft_lr: {1× 10−5, 2× 10−5, 5× 10−5}, sft_batch: {32, 64, 128}, sft_epoch: {1, 2, 3}
• rl_lr: {1 × 10−6, 2 × 10−6, 5 × 10−6, 1 × 10−5}, rl_batch: {64, 128, 256}, rl_beta: {0, 0.05, 0.1},
rl_rollouts: {8, 16}, rl_temp: {0.7, 0.9, 1.1}

## Dataset characteristics
SFT Stage:
• prompt sources: ⟨sft_prompt_sources⟩
• n_samples: 2000
• prompt_len_tokens: mean=⟨µp,s⟩, sd=⟨σp,s⟩
• completion_len_tokens: mean=⟨µc,s⟩, sd=⟨σc,s⟩
• completion_source: ⟨teacher_model⟩
• task_format: ⟨task_format⟩

RL Stage:
• prompt sources: ⟨rl_prompt_sources⟩
• n_samples: 800
• prompt_len_tokens: mean=⟨µp,r⟩, sd=⟨σp,r⟩
• task_format: ⟨task_format⟩
• reward_type: accuracy (exact match)

## Nearest neighbor instances (historical results from other datasets)

Neighbor instance i (similarity=rank i/9 among training datasets)
• Dataset summary:

– Prompt sources: ⟨srci⟩, Task format: ⟨fmti⟩
– SFT: n = ⟨ns,i⟩, prompt_len_mean=⟨µp,s,i⟩, completion_source=⟨teacheri⟩
– RL: n = ⟨nr,i⟩, prompt_len_mean=⟨µp,r,i⟩

• Config 1: {"base_model": "...", "sft_lr": ..., "rl_lr": ..., ...} [acc=⟨acci,1⟩]
• Config 2: {"base_model": "...", "sft_lr": ..., "rl_lr": ..., ...} [acc=⟨acci,2⟩]

. . . (Repeated for top-5 neighbors) . . .

## Your recommendation
Based on the above configuration space and task information, recommend a suitable hyperparameter configuration.
Format your recommendation in a single JSON object:

{
"base_model": "...",
"sft_lr": "...",
"sft_batch": "...",
"sft_epoch": "...",
"rl_lr": "...",
"rl_batch": "...",
"rl_beta": "...",
"rl_rollouts": "...",
"rl_temp": "..."

}

Figure C.2: The full history-conditioned prompt template, utilizing meta-feature-based retrieval to provide historical
experiment results (nearest neighbors) to the LLM surrogate.
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C.2.2 Sequential Baselines
With the exception of BOHB, all sequential base-
lines are evaluated in both full-training and early-
stop variants. The full-training variants execute the
entire pipeline (SFT, RL, and evaluation) and use
the resulting end-to-end accuracy as the optimiza-
tion signal. The early-stop variants instead rely on
a separate regressor trained to predict final perfor-
mance yd,c directly, rather than residual corrections,
since these baselines do not have access to the of-
fline ranker used by our method. Every sequential
method is given a fixed budget of 15 evaluations.
SMAC and TPE are warm-started with the first five
configurations sampled by Random Search. In the
full-training setting these initial points use ground-
truth scores, whereas in the early-stop setting they
use regressor-predicted scores.

Random Search. We sample 15 configurations
uniformly at random from the search space and
evaluate them.

BOHB (Falkner et al., 2018). We use the official
HpBandSter implementation. The budget b is de-
fined in terms of RL-stage training fidelity because
SFT contributes relatively little to total computa-
tional cost. We set the minimum and maximum
budgets to bmin = 1 and bmax = 4, correspond-
ing respectively to 25% and 100% of the full RL
training horizon, and use elimination rate η = 2.
Note that BOHB’s fidelity notion is defined over
RL-stage training budget, whereas our method uses
SFT-truncated runs combined with an early-stop
predictor. The two are therefore not identical no-
tions of low-fidelity evaluation, but each reflects
the most natural low-cost signal available to the
corresponding method.

RGPE (Feurer et al., 2018). We implement
RGPE following the BoTorch reference implemen-
tation.

SMAC (Hutter et al., 2011). We use the SMAC3
framework (Lindauer et al., 2022), version 2.3.1.

TPE (Bergstra et al., 2011). We use the Optuna
implementation (Akiba et al., 2019), version 4.7.0,
with TPESampler in multivariate mode so as to bet-
ter capture dependencies among hyperparameters.

D Extended Results

This section provides the dataset-based breakdowns
for all aggregated results presented in the main
paper.

D.1 End-to-End Configuration Selection
Performance

Tables D.1, D.2 and D.3 report dataset-level perfor-
mance, regret and cost. Although certain datasets
prove harder than others, the results overall demon-
strate that AutoPipe remains competitive across
the held-out datasets, while requiring substantially
lower cost than full-evaluation sequential baselines.

In particular, an informative pattern emerges
when comparing AutoPipe directly with the Offline-
only baseline. AutoPipe improves upon the of-
fline recommendation on majority of datasets, but
the magnitude of improvement varies substantially;
gains are negligible on datasets for which the trans-
ferred ranking is already strong, whereas consider-
ably larger improvements occur on folds where the
offline recommendation is weaker. This behavior
is consistent with the intended role of the online
phase: rather than uniformly overriding the guid-
ance of the offline phase, it provides greatest benefit
when dataset-specific correction is most necessary.

D.2 Offline Component Analysis
Table D.4 reports dataset-level offline surrogate
ranking performance (in terms of ranking metrics
such as regret, recall@k, nDCG, pairwise accuracy
and Spearman ρ) for both the offline ranker and
the early stop regressor. The different ranking di-
agnostics reveal a difference between improving
ranking as a whole and identifying the optimum.
Relative to the offline ranker, the early-stop regres-
sor improves more holistic ranking metrics such as
nDCG, pairwise accuracy and Spearman correla-
tion, however recall@k decreases. This supports
using the early-stop regressor to provide noisy cor-
rective evidence rather than treating it as a final
configuration selector.

D.3 Sensitivity to Budget
Figure D.1 shows how the performance of the
best observed configuration varies as the online
evaluation budget increases. Across datasets, Au-
toPipe generally reaches competitive performance
within a small number of online evaluations. How-
ever, this effect is dataset-dependent; on dataset
folds where the initial recommendation is already
strong, AutoPipe changes little as budget increases,
whereas on other folds online observations produce
a visible improvement over the initial recommen-
dation. Thus, increasing evaluations becomes more
valuable under larger target-specific mismatch.
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Table D.1: Configuration selection performance across ten held-out datasets under a fixed number of online
evaluations. Performance is calculated as the average benchmark accuracy. Results for repeated methods are
reported as mean ± standard error over three independent repetitions. Bold indicates the best performance per
dataset; italics indicate the second-best.

Datasets 1–5

Method 1 2 3 4 5

Static & Zero-Shot Baselines
Random (Single run) 0.479 ± 0.071 0.469 ± 0.071 0.438 ± 0.057 0.388 ± 0.046 0.610 ± 0.025
LLM Rec. (Desc.) 0.513 0.544 0.423 0.547 0.477
LLM Rec. (Hist.) 0.465 0.630 0.435 0.558 0.461
Global 0.556 0.628 0.632 0.624 0.642
Offline-only (Ranker) 0.515 ± 0.020 0.614 ± 0.008 0.613 ± 0.002 0.637 ± 0.020 0.567 ± 0.005

Sequential Baselines
Random Search (ES) 0.518 ± 0.056 0.554 ± 0.070 0.599 ± 0.023 0.522 ± 0.021 0.610 ± 0.025
Random Search (Full) 0.603 ± 0.028 0.617 ± 0.017 0.609 ± 0.013 0.587 ± 0.020 0.617 ± 0.025
BOHB 0.620 ± 0.004 0.620 ± 0.008 0.581 ± 0.021 0.584 ± 0.008 0.629 ± 0.008
RGPE (ES) 0.456 ± 0.000 0.532 ± 0.000 0.573 ± 0.043 0.527 ± 0.040 0.607 ± 0.004
RGPE (Full) 0.650 ± 0.016 0.622 ± 0.002 0.624 ± 0.006 0.647 ± 0.009 0.638 ± 0.017
SMAC (ES) 0.615 ± 0.003 0.620 ± 0.010 0.628 ± 0.011 0.481 ± 0.077 0.583 ± 0.011
SMAC (Full) 0.616 ± 0.015 0.626 ± 0.009 0.617 ± 0.008 0.620 ± 0.006 0.618 ± 0.024
TPE (ES) 0.556 ± 0.065 0.573 ± 0.033 0.621 ± 0.016 0.568 ± 0.032 0.596 ± 0.004
TPE (Full) 0.610 ± 0.021 0.627 ± 0.008 0.613 ± 0.011 0.568 ± 0.047 0.645 ± 0.009

Ablations
No Residual 0.594 ± 0.021 0.616 ± 0.001 0.621 ± 0.000 0.629 ± 0.026 0.588 ± 0.016
No BO 0.563 ± 0.035 0.482 ± 0.135 0.618 ± 0.003 0.677 ± 0.002 0.598 ± 0.017
No Offline 0.590 ± 0.015 0.581 ± 0.039 0.607 ± 0.047 0.578 ± 0.033 0.515 ± 0.050

Sensitivity Analysis
25% 0.584 ± 0.018 0.613 ± 0.002 0.616 ± 0.003 0.604 ± 0.007 0.588 ± 0.016
75% 0.604 ± 0.009 0.616 ± 0.001 0.616 ± 0.003 0.678 ± 0.003 0.585 ± 0.018
wt 1.0 0.578 ± 0.043 0.619 ± 0.002 0.612 ± 0.005 0.515 ± 0.161 0.588 ± 0.016
wt 0.7 0.578 ± 0.043 0.619 ± 0.002 0.612 ± 0.005 0.515 ± 0.161 0.588 ± 0.016
wt 1.0 → 0.3 0.578 ± 0.043 0.619 ± 0.002 0.612 ± 0.005 0.516 ± 0.161 0.588 ± 0.016

Ours 0.562 ± 0.036 0.616 ± 0.001 0.620 ± 0.001 0.679 ± 0.002 0.619 ± 0.010

Datasets 6–10 and Overall Average

Method 6 7 8 9 10 Avg

Static & Zero-Shot Baselines
Random (Single run) 0.327 ± 0.101 0.182 ± 0.092 0.280 ± 0.140 0.079 ± 0.005 0.365 ± 0.106 0.362 ± 0.015
LLM Rec. (Desc.) 0.371 0.088 0.018 0.052 0.035 0.307
LLM Rec. (Hist.) 0.382 0.532 0.410 0.431 0.117 0.442
Global 0.622 0.454 0.659 0.018 0.451 0.529
Offline-only (Ranker) 0.572 ± 0.070 0.585 ± 0.023 0.584 ± 0.027 0.272 ± 0.038 0.608 ± 0.023 0.557 ± 0.016

Sequential Baselines
Random Search (ES) 0.508 ± 0.007 0.515 ± 0.006 0.555 ± 0.042 0.297 ± 0.048 0.423 ± 0.191 0.510 ± 0.033
Random Search (Full) 0.566 ± 0.031 0.515 ± 0.006 0.577 ± 0.025 0.455 ± 0.034 0.584 ± 0.030 0.573 ± 0.007
BOHB 0.628 ± 0.004 0.596 ± 0.010 0.600 ± 0.015 0.472 ± 0.018 0.597 ± 0.013 0.593 ± 0.002
RGPE (ES) 0.573 ± 0.000 0.561 ± 0.046 0.567 ± 0.021 0.412 ± 0.033 0.532 ± 0.045 0.534 ± 0.013
RGPE (Full) 0.632 ± 0.006 0.617 ± 0.003 0.626 ± 0.017 0.289 ± 0.015 0.641 ± 0.010 0.599 ± 0.002
SMAC (ES) 0.524 ± 0.069 0.285 ± 0.083 0.538 ± 0.057 0.282 ± 0.028 0.553 ± 0.047 0.511 ± 0.003
SMAC (Full) 0.615 ± 0.019 0.507 ± 0.039 0.613 ± 0.021 0.504 ± 0.019 0.567 ± 0.047 0.590 ± 0.006
TPE (ES) 0.501 ± 0.043 0.515 ± 0.065 0.634 ± 0.017 0.251 ± 0.068 0.573 ± 0.017 0.539 ± 0.006
TPE (Full) 0.601 ± 0.009 0.542 ± 0.005 0.621 ± 0.008 0.489 ± 0.009 0.567 ± 0.050 0.588 ± 0.010

Ablations
No Residual 0.624 ± 0.008 0.521 ± 0.101 0.587 ± 0.024 0.221 ± 0.103 0.493 ± 0.131 0.549 ± 0.017
No BO 0.615 ± 0.008 0.454 ± 0.131 0.579 ± 0.020 0.382 ± 0.097 0.555 ± 0.069 0.552 ± 0.019
No Offline 0.419 ± 0.073 0.554 ± 0.017 0.602 ± 0.034 0.275 ± 0.059 0.389 ± 0.092 0.511 ± 0.020

Sensitivity Analysis
25% 0.616 ± 0.014 0.542 ± 0.000 0.599 ± 0.044 0.289 ± 0.007 0.561 ± 0.019 0.561 ± 0.006
75% 0.585 ± 0.013 0.551 ± 0.021 0.596 ± 0.036 0.446 ± 0.068 0.574 ± 0.012 0.585 ± 0.007
wt 1.0 0.615 ± 0.008 0.612 ± 0.006 0.579 ± 0.020 0.166 ± 0.077 0.570 ± 0.014 0.545 ± 0.008
wt 0.7 0.615 ± 0.008 0.418 ± 0.209 0.579 ± 0.020 0.166 ± 0.077 0.606 ± 0.024 0.530 ± 0.030
wt 1.0 → 0.3 0.615 ± 0.008 0.620 ± 0.007 0.587 ± 0.024 0.166 ± 0.077 0.601 ± 0.018 0.550 ± 0.009

Ours 0.624 ± 0.008 0.612 ± 0.006 0.594 ± 0.029 0.426 ± 0.074 0.588 ± 0.034 0.594 ± 0.002
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Table D.2: Configuration selection regret across ten held-out datasets under a fixed number of online evaluations.
Regret is calculated relative to the best-performing configuration in the reference pool for each dataset. Bold
indicates the best performance (lowest regret) per dataset; italics indicate the second-best.

Datasets 1–5

Method 1 2 3 4 5

Static & Zero-Shot Baselines
Random (Single run) 0.194 ± 0.071 0.171 ± 0.071 0.226 ± 0.057 0.295 ± 0.046 0.061 ± 0.025
LLM Rec. (Desc.) 0.160 0.096 0.241 0.136 0.194
LLM Rec. (Hist.) 0.208 0.010 0.229 0.125 0.210
Global 0.117 0.012 0.032 0.059 0.029
Offline-only (Ranker) 0.158 ± 0.020 0.026 ± 0.008 0.051 ± 0.002 0.046 ± 0.020 0.104 ± 0.005

Sequential Baselines
Random Search (ES) 0.155 ± 0.056 0.086 ± 0.070 0.065 ± 0.023 0.161 ± 0.021 0.061 ± 0.025
Random Search (Full) 0.070 ± 0.028 0.023 ± 0.017 0.055 ± 0.013 0.096 ± 0.020 0.054 ± 0.025
BOHB 0.053 ± 0.004 0.020 ± 0.008 0.083 ± 0.021 0.099 ± 0.008 0.042 ± 0.008
RGPE (ES) 0.217 ± 0.000 0.108 ± 0.000 0.091 ± 0.043 0.156 ± 0.040 0.064 ± 0.004
RGPE (Full) 0.023 ± 0.016 0.018 ± 0.002 0.040 ± 0.006 0.036 ± 0.009 0.033 ± 0.017
SMAC (ES) 0.058 ± 0.003 0.020 ± 0.010 0.036 ± 0.011 0.202 ± 0.077 0.088 ± 0.011
SMAC (Full) 0.057 ± 0.015 0.014 ± 0.009 0.047 ± 0.008 0.063 ± 0.006 0.053 ± 0.024
TPE (ES) 0.117 ± 0.065 0.067 ± 0.033 0.043 ± 0.016 0.115 ± 0.032 0.075 ± 0.004
TPE (Full) 0.063 ± 0.021 0.013 ± 0.008 0.051 ± 0.011 0.115 ± 0.047 0.026 ± 0.009

Ablations
No Residual 0.079 ± 0.021 0.024 ± 0.001 0.043 ± 0.000 0.054 ± 0.026 0.083 ± 0.016
No BO 0.110 ± 0.035 0.158 ± 0.135 0.046 ± 0.003 0.006 ± 0.002 0.073 ± 0.017
No Offline 0.083 ± 0.015 0.059 ± 0.039 0.057 ± 0.047 0.105 ± 0.033 0.156 ± 0.050

Sensitivity Analysis
25% 0.089 ± 0.018 0.027 ± 0.002 0.048 ± 0.003 0.079 ± 0.007 0.083 ± 0.016
75% 0.069 ± 0.009 0.024 ± 0.001 0.048 ± 0.003 0.005 ± 0.003 0.086 ± 0.018
wt 1.0 0.095 ± 0.043 0.021 ± 0.002 0.052 ± 0.005 0.168 ± 0.161 0.083 ± 0.016
wt 0.7 0.095 ± 0.043 0.021 ± 0.002 0.052 ± 0.005 0.168 ± 0.161 0.083 ± 0.016
wt 1.0 → 0.3 0.095 ± 0.043 0.021 ± 0.002 0.052 ± 0.005 0.167 ± 0.161 0.083 ± 0.016

Ours 0.111 ± 0.036 0.024 ± 0.001 0.044 ± 0.001 0.004 ± 0.002 0.052 ± 0.010

Datasets 6–10 and Overall Average

Method 6 7 8 9 10 Avg

Static & Zero-Shot Baselines
Random (Single run) 0.322 ± 0.101 0.448 ± 0.092 0.379 ± 0.140 0.495 ± 0.005 0.294 ± 0.106 0.289 ± 0.015
LLM Rec. (Desc.) 0.278 0.542 0.641 0.522 0.624 0.343
LLM Rec. (Hist.) 0.267 0.098 0.249 0.143 0.542 0.208
Global 0.027 0.176 0.000 0.556 0.208 0.122
Offline-only (Ranker) 0.077 ± 0.070 0.045 ± 0.023 0.075 ± 0.027 0.302 ± 0.038 0.051 ± 0.023 0.094 ± 0.016

Sequential Baselines
Random Search (ES) 0.141 ± 0.007 0.115 ± 0.006 0.104 ± 0.042 0.277 ± 0.048 0.236 ± 0.191 0.140 ± 0.033
Random Search (Full) 0.083 ± 0.031 0.115 ± 0.006 0.082 ± 0.025 0.119 ± 0.034 0.075 ± 0.030 0.077 ± 0.007
BOHB 0.021 ± 0.004 0.034 ± 0.010 0.059 ± 0.015 0.102 ± 0.018 0.062 ± 0.013 0.057 ± 0.002
RGPE (ES) 0.076 ± 0.000 0.069 ± 0.046 0.092 ± 0.021 0.162 ± 0.033 0.127 ± 0.045 0.116 ± 0.013
RGPE (Full) 0.017 ± 0.006 0.013 ± 0.003 0.033 ± 0.017 0.285 ± 0.015 0.018 ± 0.010 0.052 ± 0.002
SMAC (ES) 0.125 ± 0.069 0.345 ± 0.083 0.121 ± 0.057 0.292 ± 0.028 0.106 ± 0.047 0.139 ± 0.003
SMAC (Full) 0.034 ± 0.019 0.123 ± 0.039 0.046 ± 0.021 0.070 ± 0.019 0.092 ± 0.047 0.060 ± 0.006
TPE (ES) 0.148 ± 0.043 0.115 ± 0.065 0.025 ± 0.017 0.323 ± 0.068 0.086 ± 0.017 0.111 ± 0.006
TPE (Full) 0.048 ± 0.009 0.088 ± 0.005 0.038 ± 0.008 0.085 ± 0.009 0.092 ± 0.050 0.062 ± 0.010

Ablations
No Residual 0.025 ± 0.008 0.109 ± 0.101 0.072 ± 0.024 0.353 ± 0.103 0.166 ± 0.131 0.101 ± 0.017
No BO 0.034 ± 0.008 0.176 ± 0.131 0.080 ± 0.020 0.192 ± 0.097 0.104 ± 0.069 0.098 ± 0.019
No Offline 0.230 ± 0.073 0.076 ± 0.017 0.057 ± 0.034 0.299 ± 0.059 0.270 ± 0.092 0.139 ± 0.020

Sensitivity Analysis
25% 0.033 ± 0.014 0.088 ± 0.000 0.060 ± 0.044 0.285 ± 0.007 0.098 ± 0.019 0.089 ± 0.006
75% 0.064 ± 0.013 0.079 ± 0.021 0.063 ± 0.036 0.128 ± 0.068 0.085 ± 0.012 0.065 ± 0.007
wt 1.0 0.034 ± 0.008 0.018 ± 0.006 0.080 ± 0.020 0.408 ± 0.077 0.089 ± 0.014 0.105 ± 0.008
wt 0.7 0.034 ± 0.008 0.212 ± 0.209 0.080 ± 0.020 0.408 ± 0.077 0.053 ± 0.024 0.121 ± 0.030
wt 1.0 → 0.3 0.034 ± 0.008 0.010 ± 0.007 0.072 ± 0.024 0.408 ± 0.077 0.058 ± 0.018 0.100 ± 0.009

Ours 0.025 ± 0.008 0.018 ± 0.006 0.065 ± 0.029 0.148 ± 0.074 0.071 ± 0.034 0.056 ± 0.002
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Table D.3: Configuration selection cost across ten held-out datasets under a fixed number of online evaluations.
Cost is expressed in terms of H200 hours.

Datasets 1–5

Method 1 2 3 4 5

Static & Zero-Shot Baselines
Random (Single run) 2.8 ± 0.7 2.5 ± 0.3 4.5 ± 0.8 2.5 ± 0.9 9.8 ± 1.5
LLM Rec. (Desc.) 8.0 8.6 8.7 11.6 10.3
LLM Rec. (Hist.) 4.1 5.3 4.2 6.6 11.5
Global 3.6 6.1 3.8 4.7 4.5
Offline-only (Ranker) 7.7 ± 0.6 5.1 ± 0.2 5.6 ± 0.2 7.8 ± 0.5 10.4 ± 0.6

Sequential Baselines
Random Search (ES) 4.6 ± 0.7 4.6 ± 1.6 5.3 ± 0.9 5.7 ± 1.1 11 ± 1.6
Random Search (Full) 57.4 ± 2.0 72.5 ± 3.7 60.7 ± 5.1 72.1 ± 8.2 81.9 ± 5.1
BOHB 100.8 ± 1.1 119.0 ± 13.7 110.6 ± 11.5 129.7 ± 13.4 131.5 ± 11.8
RGPE (ES) 10.6 ± 0.2 8.8 ± 0.1 8.9 ± 0.9 12.2 ± 0.7 7.5 ± 0.5
RGPE (Full) 76.6 ± 4.8 52.0 ± 5.0 69.5 ± 5.0 111.1 ± 2.7 86.2 ± 2.3
SMAC (ES) 5.0 ± 0.2 6.0 ± 1.7 7.6 ± 1.7 6.4 ± 0.5 10.3 ± 1.8
SMAC (Full) 76.3 ± 2.2 55.8 ± 5.2 65.2 ± 2.7 98.0 ± 8.3 111.6 ± 6.8
TPE (ES) 4.8 ± 0.3 6.0 ± 1.4 5.5 ± 0.3 6.1 ± 0.3 11.7 ± 2.0
TPE (Full) 61.1 ± 3.0 73.8 ± 1.1 77.8 ± 2.3 74.9 ± 11.1 72.0 ± 9.5

Ablations
No Residual 10.6 ± 0.3 7.2 ± 0.4 7.8 ± 0.9 10.6 ± 0.7 13.1 ± 0.6
No BO 12.6 ± 0.9 9.1 ± 1.5 8.6 ± 0.7 11.8 ± 0.3 12.4 ± 1.5
No Offline 8.0 ± 0.5 3.9 ± 0.1 6.8 ± 1.5 12.8 ± 2.1 10.0 ± 2.1

Sensitivity Analysis
25% 11.1 ± 0.6 6.8 ± 0.7 8.2 ± 0.8 10.1 ± 0.8 13.0 ± 0.9
75% 11.1 ± 0.4 7.6 ± 0.1 8.7 ± 0.4 11.7 ± 0.1 14.2 ± 0.3
wt 1.0 11.8 ± 0.7 7.8 ± 0.1 8.6 ± 0.4 11.7 ± 0.3 13.4 ± 0.7
wt 0.7 11.8 ± 0.8 7.8 ± 0.1 8.5 ± 0.5 11.7 ± 0.2 13.4 ± 0.6
wt 1.0 → 0.3 11.8 ± 0.8 7.8 ± 0.1 9.2 ± 0.8 12.5 ± 0.6 13.5 ± 0.6

Ours 11.5 ± 0.9 7.5 ± 0.4 8.0 ± 0.7 11.7 ± 0.4 13.1 ± 0.9

Datasets 6–10 and Overall Average

Method 6 7 8 9 10 Avg

Static & Zero-Shot Baselines
Random (Single run) 3.9 ± 2.6 2.9 ± 0.9 3.7 ± 0.7 5.2 ± 0.8 6.9 ± 0.8 4.5 ± 0.4
LLM Rec. (Desc.) 3.2 5.5 7.4 5 7.7 7.6
LLM Rec. (Hist.) 3.1 5.4 2.9 3.8 9.1 5.6
Global 3.8 3.6 2.8 3.5 4.2 4.1
Offline-only (Ranker) 3.5 ± 0.0 5.7 ± 1.1 5.3 ± 0.7 6.0 ± 1.1 7.0 ± 0.8 6.4 ± 0.2

Sequential Baselines
Random Search (ES) 3.2 ± 0.4 8.1 ± 2.1 5.0 ± 1.6 6.9 ± 1.7 7.3 ± 1.6 6.2 ± 0.6
Random Search (Full) 41.3 ± 4.5 51.0 ± 2.8 49.9 ± 5.7 56.6 ± 6.2 74.1 ± 9.1 61.7 ± 1.7
BOHB 60.1 ± 10.1 76.0 ± 11.8 72.7 ± 5.4 67.7 ± 7.5 117.3 ± 13.3 98.5 ± 2.1
RGPE (ES) 6.5 ± 1.5 6.1 ± 0.6 8.8 ± 1.8 10.7 ± 1.0 9.8 ± 0.9 9.0 ± 0.2
RGPE (Full) 53.7 ± 3.7 53.7 ± 2.4 62.3 ± 4.8 88.9 ± 2.0 102.6 ± 14 75.6 ± 2.1
SMAC (ES) 3.5 ± 0.7 5.0 ± 1.3 5.2 ± 1.3 5.7 ± 0.2 5.3 ± 0.6 6.0 ± 0.1
SMAC (Full) 37.2 ± 3.1 42.2 ± 2.9 41.4 ± 4.8 48.2 ± 7.2 81.2 ± 8.3 65.7 ± 1.1
TPE (ES) 3.2 ± 0.3 4.1 ± 0.6 5.2 ± 0.3 6.9 ± 1.0 6.7 ± 1.1 6.0 ± 0.2
TPE (Full) 58.7 ± 8.6 51.9 ± 5.4 55.7 ± 3.4 52.2 ± 2.4 73.8 ± 5.5 65.2 ± 0.8

Ablations
No Residual 6.7 ± 1.3 7.2 ± 0.2 7.4 ± 0.8 8.9 ± 0.9 10.1 ± 1.2 9.0 ± 0.5
No BO 7.5 ± 0.9 7.9 ± 0.9 7.3 ± 1.3 10.0 ± 0.7 11.9 ± 1.4 9.9 ± 0.4
No Offline 5.7 ± 1.0 6.1 ± 0.9 5.3 ± 0.8 6.5 ± 1.6 6.3 ± 1.4 7.1 ± 0.8

Sensitivity Analysis
25% 5.0 ± 0.7 7.5 ± 0.6 8.7 ± 1.8 7.8 ± 1.2 9.1 ± 0.9 8.7 ± 0.9
75% 7.8 ± 1.1 8.4 ± 0.1 8.0 ± 1.0 10.6 ± 0.7 11.3 ± 1.6 10.0 ± 0.3
wt 1.0 6.7 ± 1.3 8.5 ± 0.9 7.2 ± 1.2 9.2 ± 1.3 11.4 ± 1.3 9.6 ± 0.4
wt 0.7 6.7 ± 1.3 8.0 ± 0.5 7.6 ± 0.8 9.1 ± 1.3 10.4 ± 1.2 9.5 ± 0.4
wt 1.0 → 0.3 6.6 ± 1.3 9.0 ± 1.0 8.5 ± 0.4 9.1 ± 1.2 10.6 ± 1.4 9.9 ± 0.1

Ours 6.8 ± 1.1 7.6 ± 0.4 7.6 ± 0.7 9.2 ± 0.1 11.9 ± 0.6 9.5 ± 0.4
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Table D.4: Offline surrogate ranking performance across ten held-out datasets under LODO evaluation.

Datasets 1–5

Metric 1 2 3 4 5

Offline Ranker
Regret 0.075 ± 0.020 0.065 ± 0.008 0.048 ± 0.000 0.027 ± 0.006 0.032 ± 0.000
Recall@1 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 1.000 ± 0.000
Recall@3 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 1.000 ± 0.000
Recall@5 0.333 ± 0.333 1.000 ± 0.000 0.667 ± 0.333 0.333 ± 0.333 1.000 ± 0.000
Recall@10 0.333 ± 0.333 1.000 ± 0.000 0.667 ± 0.333 0.333 ± 0.333 1.000 ± 0.000
nDCG@5 0.739 ± 0.005 0.956 ± 0.004 0.942 ± 0.001 0.973 ± 0.004 0.968 ± 0.010
nDCG@10 0.815 ± 0.005 0.918 ± 0.022 0.955 ± 0.004 0.972 ± 0.007 0.972 ± 0.003
Pairwise Accuracy 0.785 ± 0.009 0.720 ± 0.003 0.808 ± 0.004 0.798 ± 0.004 0.773 ± 0.002
Spearman ρ 0.743 ± 0.015 0.607 ± 0.008 0.817 ± 0.009 0.783 ± 0.010 0.728 ± 0.005

Early Stop Regressor
Regret 0.060 ± 0.000 0.057 ± 0.000 0.048 ± 0.000 0.021 ± 0.000 0.032 ± 0.000
Recall@1 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Recall@3 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.667 ± 0.333
Recall@5 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 1.000 ± 0.000
Recall@10 0.000 ± 0.000 1.000 ± 0.000 0.667 ± 0.333 0.000 ± 0.000 1.000 ± 0.000
nDCG@5 0.727 ± 0.003 0.918 ± 0.000 0.941 ± 0.001 0.977 ± 0.001 0.979 ± 0.002
nDCG@10 0.799 ± 0.001 0.925 ± 0.001 0.956 ± 0.006 0.937 ± 0.011 0.957 ± 0.002
Pairwise Accuracy 0.780 ± 0.001 0.750 ± 0.001 0.832 ± 0.001 0.795 ± 0.001 0.792 ± 0.002
Spearman ρ 0.722 ± 0.001 0.683 ± 0.001 0.848 ± 0.002 0.769 ± 0.001 0.771 ± 0.003

Datasets 6–10 and Overall Average

Metric 6 7 8 9 10 Avg

Offline Ranker
Regret 0.213 ± 0.086 0.470 ± 0.115 0.071 ± 0.001 0.000 ± 0.000 0.183 ± 0.000 0.118 ± 0.013
Recall@1 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.100 ± 0.000
Recall@3 0.667 ± 0.333 0.333 ± 0.333 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.300 ± 0.058
Recall@5 0.667 ± 0.333 0.333 ± 0.333 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.400 ± 0.058
Recall@10 1.000 ± 0.000 0.667 ± 0.333 0.333 ± 0.333 1.000 ± 0.000 0.000 ± 0.000 0.633 ± 0.033
nDCG@5 0.829 ± 0.018 0.583 ± 0.021 0.906 ± 0.017 0.685 ± 0.012 0.822 ± 0.014 0.840 ± 0.007
nDCG@10 0.879 ± 0.015 0.688 ± 0.017 0.938 ± 0.009 0.609 ± 0.019 0.794 ± 0.039 0.854 ± 0.009
Pairwise Accuracy 0.738 ± 0.004 0.716 ± 0.005 0.763 ± 0.005 0.676 ± 0.005 0.692 ± 0.008 0.747 ± 0.002
Spearman ρ 0.655 ± 0.007 0.625 ± 0.006 0.729 ± 0.007 0.521 ± 0.012 0.545 ± 0.023 0.675 ± 0.005

Early Stop Regressor
Regret 0.299 ± 0.000 0.210 ± 0.188 0.053 ± 0.017 0.000 ± 0.000 0.183 ± 0.000 0.096 ± 0.017
Recall@1 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.100 ± 0.000
Recall@3 0.667 ± 0.333 0.000 ± 0.000 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.233 ± 0.067
Recall@5 1.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.300 ± 0.000
Recall@10 1.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.467 ± 0.033
nDCG@5 0.794 ± 0.002 0.652 ± 0.038 0.943 ± 0.003 0.743 ± 0.034 0.837 ± 0.001 0.851 ± 0.005
nDCG@10 0.849 ± 0.008 0.749 ± 0.028 0.880 ± 0.004 0.666 ± 0.005 0.846 ± 0.014 0.856 ± 0.006
Pairwise Accuracy 0.766 ± 0.000 0.755 ± 0.002 0.737 ± 0.002 0.705 ± 0.002 0.723 ± 0.001 0.764 ± 0.000
Spearman ρ 0.714 ± 0.001 0.692 ± 0.005 0.666 ± 0.006 0.576 ± 0.003 0.629 ± 0.004 0.707 ± 0.001
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Figure D.1: Sensitivity of configuration selection performance to the online evaluation budget across ten held-out
datasets.
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D.4 Source-Disjoint Evaluation on
CasiMedicos-Arg

We provide extended results for the source-disjoint
target introduced in Section 4.3. While the compar-
isons with other baselines are in Table 6, we also
repeated the component ablations and sensitivity
analyses in a source-disjoint setting to determine
whether the qualitative behavior observed under
the primary LODO evaluation persists. Table D.5
and Figure D.2 present our results.

Table D.5: Results for ablations, sensitivity to early-
stop truncation length and sensitivity to offline-guidance
tempering in the source-disjoint setting.

Method Performance Regret Cost

Ablations
No Residual 0.613 ± 0.008 0.014 ± 0.008 1.2 ± 0.1
No BO 0.614 ± 0.008 0.013 ± 0.008 1.3 ± 0.2
No Offline 0.585 ± 0.031 0.042 ± 0.031 0.7 ± 0.0

Sensitivity Analyses
25% 0.595 ± 0.005 0.032 ± 0.005 1.3 ± 0.1
75% 0.612 ± 0.006 0.015 ± 0.006 1.2 ± 0.1
wt 1.0 0.619 ± 0.004 0.008 ± 0.004 1.1 ± 0.1
wt 0.7 0.612 ± 0.008 0.015 ± 0.008 1.1 ± 0.1
wt 1.0 → 0.3 0.619 ± 0.004 0.008 ± 0.004 1.1 ± 0.1

Ours 0.624 ± 0.002 0.003 ± 0.002 1.1 ± 0.1

The relative ablation pattern persists under the
stronger source-disjoint setting; in particular, re-
moving the offline component still produces the
largest degradation, which is notable because
the historical corpus contains no dataset sharing
CasiMedicos-Arg’s underlying question source.
On the other hand, the penalties associated with
the individual ablations are smaller than in the pri-
mary LODO setting. Overall, the source-disjoint
experiments support the transferability of the two-
phase offline-online design, and at the same time
illustrate that the relative importance of the online
components can vary across target datasets.

1 3 5 7 9 11 13 15
Number of iterations

0.0

0.2

0.4

0.6

Pe
rfo

rm
an

ce

LLM (Desc)
LLM (Hist)
Global
Offline
Random

BOHB
RGPE
SMAC
TPE
Ours

Figure D.2: Sensitivity of performance (average bench-
mark accuracy) to online evaluation budget.

As for sensitivity, the sensitivity to early-stop
truncation length and online evaluation budget mir-
ror that of the main LODO setting. In particular,
increasing the observed SFT trajectory from 25% to
50% substantially improves selection performance,
while extending it to 75% provides no additional
benefit. However, there is reduced sensitivity to
the exact tempering schedule of the offline guid-
ance. This suggests that the benefit of combining
offline guidance with online correction is robust to
the weighting schedule on this specific target.

D.5 Feature Importance Analysis
We examined normalized XGBoost gain to charac-
terize which feature groups are used by the offline
ranker and early-stop regressor. For the ranker,
dataset-derived features dominate the analysis, con-
sistent with its purpose of learning how dataset con-
text affects configuration preferences. Potentially,
although dataset features are constant within each
ranking group, splits on these features can partition
datasets into different regions before subsequent
splits on configuration features, allowing for dif-
ferent configuration preferences to be learned for
different regions of dataset-feature space. For the
regressor, the contribution of dataset-derived fea-
tures falls while training dynamics features make
a substantial contribution, consistent with the in-
tended decomposition of AutoPipe: dataset char-
acteristics shape the transferable offline guidance,
while observed optimization dynamics provide evi-
dence for target-specific correction.

Table D.6: Feature importance analyses for the ranker
and early stop regressor.

Feature Category Gain Dataset Range

Offline Ranker
Configuration 8.87 ± 0.05 8.26 - 9.63
Simple dataset 10.26 ± 0.02 9.89 - 10.81
Rich dataset 27.09 ± 0.20 26.25 - 28.08
Dataset overlap 53.78 ± 0.24 51.72 - 54.74

Early Stop Regressor
Configuration 13.10 ± 0.34 11.29 - 14.78
Simple dataset 6.90 ± 0.12 6.14 - 7.74
Rich dataset 16.12 ± 0.30 14.54 - 18.36
Dataset overlap 33.58 ± 0.45 31.49 - 36.61
Training dynamics 30.30 ± 0.16 28.58 - 31.69
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