Pioneer Agent: Continual Improvement of Small Language Models in
Production

Dhruv Atreja  Julia White

Nikhil Nayak Kelton Zhang Henrijs Princis
George Hurn-Maloney Ash Lewis

Urchade Zaratiana

Fastino Labs

Abstract

Small language models are attractive in pro-
duction because they are inexpensive, fast, and
easy to specialize, but specialization remains
a difficult loop. The hard decisions surround
training: acquiring and curating supervision,
diagnosing failures, selecting a training strat-
egy, and preventing a targeted fix from break-
ing behavior that already works. We present
Pioneer Agent, a closed-loop system that au-
tomates this lifecycle. In cold-start mode, the
agent turns a task specification into a trained
model by searching jointly over data compo-
sition, hyperparameters, and learning strategy.
In production mode, it converts judged fail-
ures into a failure taxonomy and corrective cur-
riculum, retrains, and retains an update only
when it passes regression gates. We intro-
duce AdaptFT-Bench, seven staged scenarios
that combine fixable noise with harmful su-
pervision at increasing poison rates. Across
eight cold-start benchmarks, Pioneer Agent
improves over the base checkpoint on every
task. Across all seven AdaptFT-Bench sce-
narios, it improves or preserves the deployed
checkpoint while indiscriminate retraining de-
grades, with final gaps up to 43 points. In
two production-style case studies, the same
loop raises intent-classification pass rate from
84.9% to 99.3% and entity F1 from 0.345 to
0.810. These results show that deployment
failures can be converted into effective training
curricula without manual intervention between
iterations.

1 Introduction

Frontier language models are strong general-
purpose systems (Brown et al., 2020; DeepSeek-
Al et al., 2025; Yang et al., 2025), but many pro-
duction tasks favor smaller models that are cheaper
to serve, faster at inference, and specialized for
a concrete job such as classification, extraction,
summarization, or structured generation (Dettmers

et al., 2023; Fu et al., 2025). Getting such a model
to work well is not a single training call. Teams
must decide what data to collect, which failures
are worth learning from, how to construct super-
vision, which training recipe to use, and whether a
candidate update silently regresses previously cor-
rect behavior.

Existing systems automate pieces of this pro-
cess. AutoML optimizes configurations over pre-
defined spaces (Thornton et al., 2013; Feurer et al.,
2015); data-centric methods improve labels and
training sets (Northcutt et al., 2021; Wang et al.,
2023a); prompt optimizers tune the interface to
fixed weights (Khattab et al., 2024; Yuksekgonul
et al., 2024); and ML-engineering agents execute
substantial experimental workflows (Chan et al.,
2025; Jiang et al., 2025; Li et al., 2026; Rank et al.,
2026). They do not center the production adapta-
tion problem: start from a model’s own failures,
determine which observations contain useful su-
pervision, construct a corrective curriculum, re-
train, and verify that the update does not break
prior behavior.

We study this complete loop. Pioneer Agent op-
erates in two modes. Cold-start mode begins with
only a task description and autonomously acquires
data, constructs a fixed evaluation split, trains can-
didates, diagnoses errors, and revises the pipeline.
Production mode begins with an existing model
and judged inference traces. The agent clusters
failures, separates fixable errors from corrupted
supervision, builds a targeted curriculum with hard
negatives and replay data, and accepts a candidate
only when it fixes the target slice under explicit re-
gression constraints.

Our contributions are:

* A complete autonomous adaptation sys-
tem. Pioneer Agent searches jointly over
dataset composition, hyperparameters, and
supervision strategy, then closes the loop with
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Figure 1: Pioneer Agent architecture. An orchestrator LLM drives a LangGraph state machine coordinating
task analysis, data curation, training, and evaluation. Cold-start mode builds a model from a task specification;
production mode repairs a deployed model from judged traces. Both search over complete training pipelines m =
(D, H, S) and close the loop through failure diagnosis and regression-gated deployment.

failure diagnosis and regression-gated check-
point retention.

* A benchmark for learning from mixed-
quality failures. AdaptFT-Bench evaluates
the full failure — curriculum — retrain —
verify loop across seven staged scenarios with
controlled, increasing corruption.

* Evidence across cold-start and produc-
tion settings. Eight cold-start tasks test au-
tonomous task acquisition; seven staged sce-
narios test repeated adaptation under poi-
soned feedback; and two production-style
case studies test failure-taxonomy construc-
tion, rollback, infrastructure recovery, and
threshold selection.

2 Pioneer Agent

2.1 Architecture and state machine

Pioneer Agent is a LangGraph state machine or-
chestrated by Claude Sonnet 4.6 (Anthropic, 2026)
with a 32K-token thinking budget and a 1M-token
context window. It executes inside isolated Modal
sandboxes with 16 GB host memory and a 24-
hour timeout. Decoder models (Qwen3-8B and
Llama 3.2-3B (Grattafiori et al., 2024)) are adapted
with LoRA (Hu et al., 2022) through the Tinker
SDK; GLiNER2 encoder models support LoRA

and full fine-tuning (Zaratiana et al., 2025). The
state machine coordinates task analysis, dataset
construction, training, inference, evaluation, fail-
ure diagnosis, and checkpoint promotion as ex-
plicit states rather than a single monolithic prompt.

The architecture is hierarchical (Appendix A).
The main agent retains the experimental state for
up to 500 production turns or 1,500 cold-start
turns. A Trace Analyzer sub-agent performs data-
heavy SQL analysis with a much larger output al-
lowance, while independent sub-agents can build
datasets, run analyses, and prepare evaluation ar-
tifacts in parallel. A Context Manager compacts
long trajectories while preserving decisions, eval-
uation results, and dataset lineage. A persis-
tent data-curation.md ledger records dataset
versions, composition ratios, quality-control deci-
sions, and per-iteration results so the state survives
context compaction and can be audited later. Fig-
ure 1 shows the shared control loop.

2.2 Tool interface and operational modes

Cold-start mode exposes web research, shell ex-
ecution, file editing, training, inference, and
evaluation helpers. Production mode adds
query_traces, which accepts SQL plus an op-
tional shell pipeline, and a dedicated trace-analysis
tool. Large query results can therefore be filtered,
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aggregated, sampled, and written to disk without
entering the main agent’s context; even when the
inference database contains tens of thousands of
rows, the orchestrator can reason over compact
summaries and representative cases while the full
dataset remains available to the training pipeline.

In cold-start mode, the input is a task spec-
ification and constraints. The agent classifies
the task, investigates available datasets, fixes
train/evaluation splits before training, selects a
model family and metric, constructs supervision,
launches candidate jobs, and uses the fixed eval-
uation split for iterative model selection. In pro-
duction mode, the input is a deployed model plus
judged inference traces. The agent queries the
trace store, builds a failure taxonomy, confirms
suspected weaknesses with live probes, recovers
the parent model’s training lineage, constructs cor-
rective supervision, and evaluates each candidate
against both the failure slice and previously cor-
rect behavior.

2.3 Joint search over data, optimization, and
supervision

A training pipeline is 7 = (D, H, S), where D
specifies the mixture of gold examples, hard neg-
atives, contrastive pairs, and replay data; H spec-
ifies the model, LoRA rank, learning rate, batch
size, epochs, and system prompt; and S speci-
fies the supervision format, teacher, and evalu-
ation method. Executing a pipeline produces a
score f () on the fixed evaluation split. Produc-
tion mode additionally tracks r(7; R ), the number
of correct examples that regress on a fixed set R,
and imposes a regression budget e:

7" =argmax f(m), subjecttor(mR) <e.
™

(D
We use a regression budget of ¢ = 2 in
all production-mode experiments. The search

space is heterogeneous and non-differentiable:
data composition, optimization, and supervision
interact, and every score requires an actual train-
and-evaluate execution. Pioneer Agent therefore
records a directed graph of completed pipelines
where each node stores (7;, f(7;)) and each edge
records the causal intervention that produced a
child, such as adding hard negatives, changing the
teacher, lowering the learning rate, or switching
supervision format. A UCT-like selector (Kocsis
and Szepesvari, 2006) (Equation 4) balances ex-
ploration and exploitation. Stagnating branches

evolve through trajectory-aware mutation or fuse
complementary discoveries from the top-scoring
branches. This procedure is an instance of Monte
Carlo Graph Search (MCGS) (Leurent and Mail-
lard, 2020; Czech et al., 2021); Appendix B gives
the full algorithm.

2.4 Data curation, sizing, and iteration policy

Every curriculum is assembled from three slices:
gold examples, hard negatives, and, for an al-
ready fine-tuned parent, a 10-20% replay buffer.
The agent applies five data-quality controls (Ap-
pendix A.3): paired gold and boundary-case neg-
atives, label balancing, context-length matching,
entity diversification for named entity recognition
(NER), and chain-of-thought annotation for gen-
eration tasks. It also requires multiple surface
forms per label and prefers compact datasets: typi-
cally 100-200 examples for classification or NER
and 500-3,000 for generation. Dataset growth is
treated as a hypothesis, not an automatic improve-
ment; if validation performance falls, the agent
rolls back the dataset and configuration.

The shared iteration policy changes intervention
scale with model maturity (Appendix A.4). Be-
low 0.80, the agent treats the failure as a dataset
problem and rebuilds coverage. Between 0.80
and 0.95, it holds data fixed and searches opti-
mization choices. Above 0.95, it adds only two
or three examples per remaining failure pattern.
Any candidate that exceeds the regression bud-
get is rolled back immediately. This produces a
broad-to-surgical trajectory: early parallel explo-
ration establishes a working pipeline, later itera-
tions target specific error modes, and a candidate
is promoted only after evaluation and regression
checks.

2.5 Failure diagnosis and structural
safeguards

Production mode partitions judged traces into
passing and failing sets, then clusters failures by
observable pathology, input characteristics, and
likely cause. Each cluster is labeled as fixable
by training or external to the model, and targeted
probes verify that the weakness is systematic be-
fore data is synthesized. Corrected failures pop-
ulate the gold slice; confusion pairs become hard
negatives; prior examples supply replay. Precision
failures increase the hard-negative share, while re-
call failures increase gold coverage. The agent can
also change the training method, model scale, sys-
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tem prompt, or inference threshold when diagnosis
shows that data alone is not the bottleneck.

Four safeguards constrain autonomous updates:
balanced curricula, parallel evaluation of compet-
ing configurations, rollback-first iteration, and a
cross-checkpoint regression gate. The latter eval-
uates a candidate on both the current failure set
and the previous checkpoint’s evaluation set, pre-
venting a new fix from erasing earlier gains. Con-
fidence calibration uses historical per-label accu-
racy to surface overconfident errors for review,
while model-lineage tracking makes every ac-
cepted checkpoint reproducible from its dataset
and configuration. Together these mechanisms
turn adaptation into a ratchet: each promoted
model must preserve validated behavior while in-
corporating the newly repaired slice.

3 AdaptFT-Bench

AdaptFT-Bench asks one operational question:
given a deployed model and a stream of ob-
served failures, can an agent fix them with-
out breaking what already works? The primary
benchmark contains seven synthetic-log scenarios
derived from GSMS8K (two model families), ARC-
Challenge, TriviaQA, HumanEval, XSum, and
SAMSum (Cobbe et al., 2021; Clark et al., 2018;
Joshietal.,2017; Chen et al., 2021; Narayan et al.,
2018; Gliwa et al., 2019). Two additional case
studies use public CLINC150 and CoNLL-2003
data served through the production pipeline (Lar-
son et al., 2019; Tjong Kim Sang and De Meulder,
2003).

Each synthetic scenario contains three sequen-
tial stages with poison rates of 15%, 25%, and
40%. A stage contributes approximately 500 in-
ferences, split 70/30 into training and fixed eval-
uation rows. Every checkpoint is scored on the
union of stage test splits. Perturbations include fix-
able surface noise and harmful semantic corrup-
tion; the agent receives traces, not the latent per-
turbation labels. The realistic naive baseline trains
once per stage on every incoming example, per-
forms no poison filtering, and never rolls back.
Approximately 30% of noisy failures remain un-
reviewed; among poisoned examples, roughly half
receive a correction that follows the corrupted in-
put. A controlled GSM8K experiment separately
provides oracle-corrected labels to every strategy,
isolating data selection from annotation quality.

4 Experiments

Protocols. Cold-start runs receive only a task
name and must acquire data, construct a split, train,
and iterate. Production runs receive a deployed
model and staged judged traces, then diagnose fail-
ures, construct corrective curricula, train, and ver-
ify candidate updates.

4.1 Cold-start task acquisition

Pioneer Agent improves over the base checkpoint
on all eight tasks (Table 1). On ARC-Challenge
with Llama 3.2-3B, the agent discovers chain-
of-thought supervision, validation-data expansion,
and cross-branch fusion, raising accuracy from
5.3%t0 72.6%. On GSMS8K it reaches 43.7% from
an approximately 8% base, while on TriviaQA it
reaches 48.6% after diagnosing the remaining er-
rors as knowledge limits of a 3B model.

The same controller succeeds in high-baseline
and non-reasoning settings. Qwen3-8B rises from
91.7% to 93.3% on ARC-Challenge; HumanEval
reaches 92.7% pass@]1 in four iterations using cu-
rated MBPP transfer examples; and SMS Spam
reaches F1 0.997 through three surgical rounds
adding only 55 targeted examples. Across tasks,
the first iteration captures only 40—70% of the final
improvement; later gains come from diagnosing
why the initial pipeline failed and changing data,
optimization, or supervision accordingly.

4.2 Production adaptation under corrupted
feedback

Across all seven scenarios, Pioneer Agent im-
proves or preserves the deployed checkpoint while
naive retraining degrades (Table 2, Figure 2).
The largest final-stage gaps are TriviaQA (+43.0
points), XSum (+36.6 ROUGE-2), and ARC-
Challenge (+22.6 points). The deployed adaptive
curve remains monotone or flat because the system
evaluates candidate updates and rolls back regres-
sions instead of allowing them to become produc-
tion checkpoints.

The mechanism is semantic triage. The naive
baseline absorbs false premises, label swaps, and
prompt injections as supervision. Pioneer Agent
excludes those examples while converting surface
corruption into contrastive training pairs. In the
matched-stage GSM8K/Qwen3-8B trajectory, the
policies start at 75.9% and 71.6%; after 15%, 25%,
and 40% poison stages, Pioneer Agent reaches
81.2% while naive retraining falls to 64.7%. The
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Benchmark Model Base Instruct Pioneer A Tters
ARC-Challenge Llama 3.2-3B 5.3 78.6 72.6+2.5 +67.3 11
GSMS8K Llama 3.2-3B ~8 77.7 43.74£2.7 +35.7 10
TriviaQA Llama 3.2-3B ~0 — 48.61+6.2 +48.6 9
ARC-Challenge Qwen3-8B 91.7 - 933+14 +1.6 13
HumanEval Qwen3-8B 71.3 84.8 92.7+3.9 +21.4 4
XSum Qwen3-8B R-26.9+0.9 - 17.9+14 +11.0 13
SAMSum Qwen3-8B R-213.4+14 — 25.441.7 +12.0 11
SMS Spam (F1x100) GLiNER2-base 15.94+12.3 - 99.7+0.6 +83.8 10

Table 1: Cold-start results. Pioneer Agent receives only a task name. Base and Pioneer are evaluated on the
same fixed evaluation split; Instruct is the published instruction-tuned checkpoint in the same model family where

available. R-2 denotes ROUGE-2.

Benchmark Model Metric Pioneer Deployed Naive Final Final Gap
GSMSK Qwen3-8B Acc. 81.2+2.1 64.7£2.6 +16.5+3.3
GSMBK Llama 3.2-3B  Acc. 34.8+2.6 14.5+£1.9 +20.34+3.2
ARC-Challenge Llama 3.2-3B  Acc. 78.4+2.1 55.84£2.5 +22.6+£3.3
TriviaQA Llama 3.2-3B  Acc. 76.1£2.2 33.14£2.4 +43.04£3.2
HumanEval Qwen3-8B pass@1 90.3+2.3 72.54£3.5 +17.84+4.1
XSum Qwen3-8B R-2 43.1+£1.5 6.5+0.8 +36.6+1.7
SAMSum Qwen3-8B R-2 41.4+1.6 16.8+1.4 +24.6+2.2

Table 2: Production results across AdaptFT-Bench. Pioneer reports the checkpoint deployed after the final stage,
including retention of an earlier checkpoint when a candidate is rolled back; Naive reports its stage-3 retrained

checkpoint.

Training strategy Overall Acc. Clean-split Acc.

Pioneer (filtered) 72.2 86.2
Clean-only oracle 71.2 82.5
Random augmentation 68.5 81.7
Naive retraining 64.3 75.2

Table 3: Controlled GSM8K/Qwen3-8B comparison
with oracle-corrected labels on 572 held-out examples.
Pioneer Agent outperforms clean-only training, random
augmentation, and naive retraining.

16.5-point gap is the accumulated effect of fil-
tering, targeted augmentation, and rollback rather
than a single favorable snapshot.

Controlled attribution. Table 3 gives every
strategy oracle-corrected labels, holding model
family and evaluation data fixed. Pioneer Agent
reaches 72.2% overall accuracy, outperforming
clean-only training (71.2%), random augmenta-
tion (68.5%), and naive retraining (64.3%). On the
clean regression split it reaches 86.2%, compared
with 82.5% for clean-only and 75.2% for naive re-
training. Selective exposure to fixable noise there-
fore improves robustness while preserving previ-
ously correct behavior.

4.3 Production-style case studies

Intent classification. A GLiNER2-base model
serving a 30-class CLINC150 subset passes 84.9%

of 2,999 judged inferences, leaving 453 failures.
Pioneer Agent identifies confusion pairs, counter-
intuitive label semantics, and surface-form over-
lap, then synthesizes 1,254 targeted examples with
hard negatives. Full fine-tuning fixes 450 of 453
failures (99.340.8%) with one regression on the
passing set. A second attempt falls to 98.5%, and
the gate correctly retains the first checkpoint. Fig-
ure 4 shows the resulting taxonomy.

Named entity recognition. On 3,020 CoNLL-
2003 inferences, GLiNER2-base begins at en-
tity F1 0.345 with a 6:1 false-positive-to-false-
negative ratio. The agent diagnoses precision col-
lapse, constructs a hard-negative curriculum, re-
covers from failed LoRA inference by switching
to full fine-tuning, scales from GLiNER2-base to
GLiNER2-large, and tunes the inference threshold
tot = 0.99. The resulting model reaches entity F1
0.8104+0.012 and a 70.0 4= 1.8% sample pass rate,
up from 9.2%. Figure 5 traces the full sequence of
interventions.

5 Analysis and Discussion

The system composes strategies rather than
replaying a fixed recipe. No run was given
a benchmark-specific recipe specifying which
training techniques to combine. From outcome
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Figure 2: Final-stage policy behavior across AdaptFT-Bench. Green denotes Pioneer Agent’s deployed check-
point; red denotes the naive checkpoint. The same pattern holds across tasks.

feedback, the agent selects chain-of-thought su-
pervision for reasoning, low learning rates for
knowledge-sensitive tasks, prompt constraints for
summarization, hard negatives for precision fail-
ures, and small high-quality datasets when larger
mixtures degrade performance. On HumanEval,
173 curated MBPP examples outperform a 348-
example mixture; on ARC-Challenge, removing a
noisy external mixture raises accuracy from 69.6%
to 72.6%.

Search narrows from broad exploration to sur-
gical repair. On SMS Spam, four initial jobs
establish F1 0.983, after which three targeted
rounds add only 55 examples and reach 0.997. On
CLINC150, the agent instead spends its early ef-
fort constructing a five-group failure taxonomy,
then builds one 1,254-example curriculum that
fixes 450 of 453 failures. In both trajectories, di-
agnosis determines whether the next intervention
changes data composition, optimization, supervi-
sion format, or the deployment threshold; training
is not treated as the default response to every error.
Figure 3 contrasts these two trajectories.

Optimization choices are task dependent. The
selected training duration ranges from one epoch
on XSum to two on GSMS8K, five on ARC-
Challenge, and eight on SAMSum. Knowledge-
sensitive tasks converge on a lower learning rate
of 104, while format-learning tasks tolerate 2 x

10~%*. On SAMSum, the decisive intervention
is not more data but replacing an underspecified
summarization prompt with explicit length, out-
come, perspective, and brevity constraints. These
choices arise through evaluation feedback rather
than a fixed per-benchmark recipe.

Graph search recombines independently use-
ful branches. On ARC-Challenge, the Llama
model moves from 5.3% to 61.3% after learning
the output format, then to 68.9% with DeepSeek-
R1 reasoning traces. Fusion combines that rea-
soning branch with validation-data expansion from
another branch and reaches the retained 72.6%
checkpoint. Five subsequent expansions with al-
tered data and hyperparameters regress and are
pruned, demonstrating how graph-structured lin-
eage supports both recombination and conver-
gence detection.

Rollback is a first-class intervention. Later
fine-tuning is frequently harmful near saturation.
Retaining the best regression-safe checkpoint pre-
vents those failed experiments from becoming pro-
duction regressions. This is visible in the rejected
second CLINC150 candidate and in every stage-
based trajectory. The monotone deployment curve
is therefore a systems result: evaluation and check-
point retention are part of adaptation, not book-
keeping after training.
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Figure 3: Representative trajectories. The controller adapts its intervention to the diagnosed failure rather than

following a fixed fine-tuning recipe.

Failure type determines the intervention axis.
The nine production scenarios expose distinct fail-
ure geometries. Semantic poison calls for ex-
clusion; recoverable surface corruption calls for
contrastive pairs; confusion between neighbor-
ing labels calls for hard negatives; precision col-
lapse calls for entity-free examples and thresh-
old calibration; and infrastructure failure calls for
changing the training method rather than chang-
ing the dataset. This is the value of searching over
(D, H, S) jointly: the system can act on the causal
diagnosis instead of forcing every failure through
a larger dataset or longer training run.

The agent can decide that further training is the
wrong action. On TriviaQA, the remaining fail-
ures are predominantly missing parametric knowl-
edge at 3B scale. On adversarial or contradic-
tory inputs, the target itself is not recoverable from
the corrupted example. In both cases, the produc-
tive decision is to stop or exclude the row. Au-
tonomous adaptation therefore requires selective
restraint as well as the ability to train.

6 Related Work

Classical AutoML searches hyperparameters over
predefined spaces (Thornton et al., 2013; Feurer
et al., 2015; Li et al., 2018); data-centric meth-
ods identify label errors or value training exam-
ples (Northcutt et al., 2021; Ghorbani and Zou,
2019); and prompt or LM-program optimizers tune
a fixed model’s interface (Khattab et al., 2024;
Yang et al., 2024; Yuksekgonul et al., 2024). Pi-
oneer Agent searches across all three layers be-
cause production failures can originate from data,
optimization, or supervision format. Execution-

grounded agents including AIDE, MLE-bench,
MLEvolve, AutoMLGen, InternAgent-1.5, FT-
Dojo, and PostTrainBench automate ML exper-
imentation or fine-tuning against static objec-
tives (Chan et al., 2025; Jiang et al., 2025; In-
ternScience, 2026; Du et al., 2025; Feng et al.,
2026; Li et al., 2026; Rank et al., 2026). Pio-
neer Agent targets a different unit of evaluation:
a deployed model must turn its own observed
failures into supervision, reject harmful feedback,
and preserve prior behavior across successive up-
dates. Continual-learning methods address forget-
ting through replay or constrained updates (Kirk-
patrick et al., 2017; Lopez-Paz and Ranzato, 2017;
Wang et al., 2023b; Nayak et al., 2025); Pioneer
Agent incorporates replay but adds failure tax-
onomy construction, curriculum synthesis, exe-
cutable training search, and an operational accep-
tance gate. LLM-as-judge methods supply scal-
able quality signals (Zheng et al., 2023; Kim et al.,
2024); our setting tests what an adaptation system
can do when those signals contain both useful and
harmful supervision.

7 Conclusion

Pioneer Agent automates the adaptation lifecy-
cle: it converts task specifications or deployment
failures into training curricula, executes candidate
pipelines, and retains only regression-safe updates.
Across eight cold-start tasks, seven corrupted
AdaptFT-Bench scenarios, and two production-
style case studies, it closes the loop from failure
to verified model update.
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8 Limitations

While the results demonstrate strong performance
across a range of settings, several limitations re-
main. !

Model families. The current system supports a
limited set of model architectures: GLINER2 en-
coders (Zaratiana et al., 2025) and Qwen/Llama
decoders. Extending to other modalities, such as
vision models or embedding models, as well as ad-
ditional architectures, would require new tooling
and integration work.

Training methods. Support for training
paradigms is similarly constrained.  Decoder
models rely exclusively on LoRA fine-tuning (Hu
et al.,, 2022), while encoder models support
both full fine-tuning and LoRA. More advanced
alignment methods, such as RLHF (Ouyang et al.,
2022) or DPO (Rafailov et al., 2023), are not yet
incorporated, limiting applicability in settings that
require preference optimization.

Evaluation dependency. The production im-
provement setting depends on access to reli-
able evaluation signals, either through LLM-as-
judge (Zheng et al., 2023; Gu et al., 2024; Li et al.,
2024; Chen et al., 2024; Ho et al., 2025) or human
annotations on inference logs. As a result, deploy-
ments without systematic quality monitoring can-
not directly benefit from the agent.

Single-platform evaluation recipe. Empirical
validation is tied to a single evaluation stack: the
production-style case studies are run through the
Pioneer Agent stack, and the synthetic scenarios
are generated using our perturbation pipeline. The
extent to which these results generalize across dif-
ferent platforms, logging infrastructures, or data
distributions remains an open question.

Agent cost. The orchestrator LLM adds fixed
overhead in token usage and latency, which can
dominate in lightweight settings; Appendix C re-
ports representative end-to-end costs. For sim-
ple fine-tuning tasks such as small hyperparameter
sweeps or clean datasets, this overhead may out-
weigh the benefits of autonomous reasoning. The
iterative loop further compounds cost through re-
peated diagnosis, data construction, training, and
evaluation. This trade-off shifts with task com-
plexity: in settings with noisy data or interacting

'A previous version of this work appeared as an arXiv
preprint.
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failure modes, the agent’s ability to diagnose errors
and build targeted curricula can replace multiple
rounds of manual debugging and make the system
more cost-effective than naive iteration.

9 Ethical Considerations

Autonomous fine-tuning lowers the expertise re-
quired to specialize language models, but the same
machinery can optimize harmful objectives if its
evaluation signal rewards them. Regression gates
reduce accidental drift but are not safety guaran-
tees. Production use should preserve human ap-
proval before deployment, audit the provenance of
synthesized supervision, restrict accessible mod-
els and data, and monitor for judge bias. Dataset-
specific licenses also constrain use: in particular,
SAMSum is non-commercial and CoNLL-2003
depends on Reuters data distributed for research
use.
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A Detailed Pioneer Agent Architecture
and Operation

A.1 Hierarchical State Machine

The agent runs inside an isolated Modal sandbox
with access to data manipulation, model training,
inference, evaluation, and deployment tools. De-
coder training uses the Tinker SDK for LoRA fine-
tuning and immediate inference on the resulting
checkpoint.

The main agent owns the complete experimental
state. It plans work, launches training jobs, evalu-
ates models, diagnoses failures, and decides which
branch to expand. A specialized Trace Analyzer
handles data-heavy SQL analysis and writes struc-
tured artifacts such as taxonomies, confusion ma-
trices, sampled traces, and dataset statistics to the
shared filesystem. Independent sub-agents can be
delegated parallel work, for example constructing
a candidate dataset while another job is training. A
Context Manager compacts long trajectories while
preserving decisions, evaluation results, dataset
lineage, and unresolved hypotheses. The durable
data-curation.md ledger records dataset ver-
sions, composition ratios, quality-control deci-
sions, training configurations, and evaluation out-
comes so the agent can reconstruct the entire tra-
jectory after compaction.

The state graph contains explicit task-
analysis, research, data-acquisition, evaluation-
construction,  curriculum-synthesis,  training,
inference, diagnosis, and checkpoint-promotion
states. Transitions are driven by the latest evalu-
ation and the agent’s causal hypothesis about the
remaining failures. This makes the experiment
history executable: every edge corresponds to a
concrete intervention, and every promoted check-
point has an associated dataset, configuration,
supervision strategy, and evaluation artifact.

A.2 Tool Interface

Cold-start mode exposes web research, shell ex-
ecution, file reading and editing, dataset helpers,
training, inference, and evaluation. The agent can
research a task, download public data, normal-
ize schemas, generate supervision, launch multi-
ple candidate jobs, and score the resulting models
without leaving the sandbox.

Production mode adds five core tools:
query_traces, trace_analysis_subagent,

bash, read_file, and edit_file. The trace-
query tool accepts both a SQL query and an
optional shell pipeline. Query results can there-
fore be filtered, aggregated, sampled, or persisted
to disk in the same invocation. Only the compact
printed summary enters the agent’s context; the
complete result remains on disk for curriculum
construction and training.

The agent uses the same filesystem as its sub-
agents. A delegated analysis can save a confusion
matrix, failure taxonomy, or filtered training set,
after which the main agent reads only the summary
and artifact path. This division of labor prevents
raw trace volume from crowding out high-level ex-
perimental reasoning.

A.3 Data Curation and Dataset Sizing

Every training dataset is assembled from three
slices. Gold examples are correct input-output
pairs sourced from public benchmarks in cold-start
mode or corrected deployment failures in produc-
tion mode. Hard negatives are confusable inputs
whose correct output differs from a plausible al-
ternative, teaching the model when not to emit a
label, entity, or answer. A replay buffer samples
10-20% of the parent dataset when adapting an
already fine-tuned model, preserving previously
learned behavior while new failures are repaired.
Five constraints govern data quality:

1. Paired boundary supervision. Each diffi-
cult gold example is accompanied by a nearby
counterexample with a different correct out-
put.

2. Label balancing. No label may dominate the
smallest class by more than a factor of three.

3. Context-length matching. Training exam-
ples follow the length distribution of realistic
inputs or observed failures.

4. Entity diversification. NER datasets replace
repeated entity values with diverse synthetic
equivalents to prevent surface-form memo-
rization.

5. Reasoning supervision. Generation tasks
can use teacher-produced chains of thought
when direct-answer supervision fails to teach
the required reasoning procedure.

Each label is also represented through multiple sur-
face patterns. The agent targets compact datasets
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rather than indiscriminate scale: approximately
100200 examples for classification and NER, and
500-3,000 for generation depending on task com-
plexity. It treats every expansion as an experiment.
If a larger dataset regresses on the fixed evaluation
split, the added data and its associated configura-
tion are rolled back.

A.4 Iteration Policy

The iteration policy changes intervention scale as
performance improves:

1. Score below 0.80: rebuild coverage. The
agent diagnoses missing labels, distribution
mismatch, insufficient hard negatives, or
incorrect supervision and reconstructs the
dataset.

2. Score from 0.80 to 0.95: isolate optimiza-
tion. The dataset remains fixed while the
agent searches learning rate, epochs, batch
size, LoRA rank, base model, and system
prompt.

3. Score above 0.95: repair surgically. The
agent adds only two or three targeted exam-
ples for each remaining failure pattern.

4. Regression budget exceeded: roll back. If
r(m;R) > €, the previous dataset, con-
figuration, and checkpoint remain the active
branch.

This policy produces broad-to-surgical trajec-
tories. Early iterations explore multiple data and
optimization hypotheses in parallel; mid-stage it-
erations isolate the highest-leverage variable; late
iterations use targeted augmentation and thresh-
old calibration. The search ends when the re-
quired score is reached, the remaining errors are
diagnosed as external to training, or additional
branches fail to improve the best checkpoint.

A.5 Production Failure Diagnosis

Production mode receives a deployed model M
and judged traces

T: {(xiagi7y;'k7vi7Ti7mi)}?=17 (2)

where x; is the input, §; the model output, y;
the corrected output, v; the pass/fail verdict, r;
the judge reasoning, and m; the evaluation meta-
data. Human overrides supersede automated ver-
dicts. The agent partitions the traces into passing

and failing sets, then diagnoses the failure set in
four stages.

Trace ingestion queries the inference store and
materializes filtered artifacts without loading raw
rows into the main context. Taxonomy con-
struction clusters failures by input characteristics,
confusion pattern, and likely root cause, record-
ing cluster size and whether the cause is fixable
through training or external to the model. Live
confirmation synthesizes targeted probes to verify
that a suspected weakness is systematic. Parent-
model awareness recovers the deployed model’s
training lineage and decides whether the corrective
dataset should complement prior supervision or be
constructed from scratch.

For a fine-tuned parent with dataset Dparent, the
agent constructs the corrective dataset:

Dpost = Dgold U Dhard U Dreplaya (3)

where Dy,1q holds the corrected failures, Dyqrq the
confusion pairs they induce, and Dyeplay a 10-20%
sample of Dparene. Recall failures increase the
gold share; precision failures increase hard neg-
atives; model-capacity failures can trigger scale-
up; prompt failures trigger a prompt change; and
infrastructure failures can trigger a different train-
ing method. Candidate models are evaluated on
the failure set and a structured regression sample
of previously passing traces before promotion.

A.6 Structural Safeguards

Autonomous adaptation is constrained at both the
data and checkpoint layers. Balanced curricula
and paired hard negatives prevent majority-class
shortcuts. Parallel candidate evaluation separates
competing hypotheses. The rollback-first pol-
icy stops later experiments from overwriting a
stronger checkpoint. The cross-checkpoint regres-
sion gate evaluates a candidate on both the current
failure set and the preceding checkpoint’s evalu-
ation set, preventing temporal overfitting to the
newest slice.

The agent also calibrates raw confidence using
historical accuracy for the predicted label. High-
confidence errors on labels with poor empirical ac-
curacy are pulled toward the observed rate and pri-
oritized for review. When a human corrects an
item, similarity search identifies related unlabeled
examples so the same pattern can be audited in
bulk.
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453 failing inferences (15.1% of 2,999)

Semantic Temporal Counter-intuitive Creation / source Surface-form
overlap confusion labels ambiguity overlap
(183) (89) (29) (37) (115)
[ change\_language | | flight\_status | [ "I have no clue" ] | where\ are\ you\ from | [ translate ]
[ translate | [ spelling | ‘ fun\_fact | [ who\_made\_you | [ what\_can\i\_ask\ you |
[ rollover\_401k | [ timezone | ‘ maybe |

424 fixable by training |

Fixability triage
1 label error | 28 borderline / ambiguou

Figure 4: The CLINC150 taxonomy converts 453 failures into actionable confusion categories, then separates

fixable cases from label and boundary problems.

INFERENCES SAMPLE ERRORS BASE ENTITY F1 FINAL ENTITY F1
3,020 2,740 0.345 0.810
1 DIAGNOSIS 2 INTERVENTIONS 3 RESULT
Entity pathology: severe over- @ Precision-first dataset with hard
- R SAMPLE ERRORS -70%
prediction negatives for empty-GT cases
BEFORE FTER
Entity false positives 11,367 2 LoRA inference failure — pivot to full
‘ ) P 2,740 821
Entity false negatives 1,890 fine-tuning
Entity FP : FN ~6:1 @ Threshold sweep for operating-point TR T
calibration ’
BEFORE \FTER
@ Model scale-up: GLINER2-base — 0.345 0.810

large

Figure 5: The CoNLL-2003 trajectory: diagnosis, precision-oriented interventions, infrastructure recovery, scale-

up, and threshold tuning.

B Monte Carlo Graph Search for
Training Pipelines

Pioneer Agent applies Monte Carlo Graph
Search (Leurent and Maillard, 2020; Czech et al.,
2021) to autonomous fine-tuning, searching over
complete pipelines # = (D, H,S), where D
is the dataset specification, H the optimization
configuration, and S the learning strategy. Each
evaluated node v = (, s) stores a pipeline and
its realized validation score s = f(m). Directed
edges preserve the parent-child intervention that
generated a new pipeline. What is specific to
our setting is the node semantics and the reward:
a node is an executable training pipeline, and
its score is obtained by actually training and

evaluating a model.
Figure 6 states the procedure. Node selection
uses a UCT-like score (Kocsis and Szepesvari,

2006)
UCT() = () + )y, @)

where f(v;) is the mean descendant reward, N is
the total visit count, n; is the visit count for v;,
and c(t) is a decaying exploration coefficient man-
aged by the orchestrator. Expansion is hypothesis-
driven: the agent inspects the parent trajectory and
proposes a causal modification to data, optimiza-
tion, or supervision. Every proposal is scored by
executing the full training and evaluation pipeline
rather than a surrogate. When a branch stagnates,
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pipeline 7*.

2. While Continue(G, F):
(a) Select Vparent <— arg maxyerear(gy UCT(v).

(Uparent, Unew ) .

3. Return 7* from (7%, s*) = argmax . s)ev .

Input: failure set or task specification F; evaluation function f(7r) that trains and evaluates pipeline 7.

1. Initialize mo < Baseline(F), evaluate so < f(mo), create vg = (o, So), and set G = ({vo }, 0).

(b) Expand mhew < Agent(Vparent; G, F); evaluate snew 4 f(Tnew); add Vnew = (Tnew, Snew) and edge

(c) Run Backprop(G, vnew) to update ancestor score and visit statistics.

(d) If the branch is stagnant, either evolve it with 7revo <~ Evolve(vparent, G, F) or obtain Viep < TopK(G) and
fuse mused < Fuse(Viop). Execute the selected pipeline, add the evaluated node, and update G.

Output: best

Figure 6: Monte Carlo Graph Search for training pipelines. Each node stores a complete pipeline and realized
score. The agent expands promising leaves, executes train-and-test evaluation, backpropagates score statistics, and
invokes evolution or cross-branch fusion when progress stalls.

the search either evolves it through a trajectory-
aware mutation or fuses complementary discover-
ies from the top-scoring branches.

The ARC-Challenge Llama trajectory in Fig-
ure 7 demonstrates the search dynamics, includ-
ing escalation from selection to fusion. One
branch acquires the required output format, an-
other discovers chain-of-thought supervision, and
two branches compare DeepSeek-R1 and GPT-4.1
reasoning teachers. Fusion combines DeepSeek-
R1 reasoning traces with validation-data expan-
sion and reaches 72.6%. Subsequent expansions
alter data, LoRA rank, and learning rate but regress
and are pruned, leaving the fused branch as the se-
lected pipeline.

C Reproducibility and Configuration

Orchestrator. All reported runs use Claude
Sonnet 4.6 with temperature 1.0, a 32K-token
extended-thinking budget, and a 1M-token con-
text window. Cold-start runs permit up to 1,500
LangGraph turns; production runs permit up to
500. Sandboxes provide 16 GB host memory and
a 24-hour timeout. Search terminates when the ac-
ceptance criterion is met, the remaining failures
are diagnosed as external to training, or the sand-
box reaches its timeout. The source package in-
cludes the April 3, 2026 prompt and plan snap-
shot at repository commit 2febb0664£05 under
supplementary/prompt_snapshot/.

Training. Decoder models use Tinker LoRA.
Unless an agent-selected pipeline overrides them,
defaults are batch size 8, learning rate 2x 104, co-
sine decay with 10% warmup, and LoRA rank 16.
GLiNER?2 supports full fine-tuning and LoRA.

Run Hours LLM Train Total
GSMS8K production  11.5  $22.98 §10.00 $32.98
CLINC150 1.0 $1.98 $1.50 $3.48
ARC-Challenge 12.0 $24.00 $12.00 $36.00
HumanEval 4.0 $7.98 $4.50 $12.48
XSum 10.0  $19.98 $35.00 $54.98

Table 4: Representative end-to-end costs.

Evaluation. ARC-Challenge uses exact match
on the answer letter; GSM8K exact match on
the final number; TriviaQA case-insensitive alias
matching; HumanEval pass@]1 with the official
execution harness; XSum and SAMSum ROUGE-
2; classification F1 or exact match; and NER entity
F1.

Cost. Table 4 reports wall-clock hours, orches-
trator token cost, and training cost for five repre-
sentative end-to-end runs.

D Matched-Stage GSMS8K Trajectory

Table 5 reports the GSM8K/Qwen3-8B check-
points behind the summary in Section 4, and Fig-
ure 8 annotates the intervention chosen at each
stage. The two policies start within 4.3 points
of each other on clean feedback; the gap widens
monotonically as the poison rate rises to 40%, be-
cause naive retraining absorbs corrupted supervi-
sion while Pioneer Agent filters it and rolls back
failed candidates.
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Figure 7: ARC-Challenge MCGS trajectory. Branch fusion reaches the retained 72.6% checkpoint; subsequent
regressions are pruned.
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Figure 8: The matched-stage GSM8K trajectory with the intervention selected at each stage.

Checkpoint Naive Pioneer Gap Poison

C1: clean 71.6 75.9 +4.3 0%
C2: stage 1 62.6 77.6  +15.0 15%
C3: stage 2 63.3 79.1 +15.8 25%
C4: stage 3 64.7 81.2 +16.5 40%

Table 5: GSM8K/Qwen3-8B checkpoints after each
matched feedback stage.
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