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Figure 1: (a) Formulation. Given a task instruction, evaluation protocol, and raw data sources, a model generates
a data recipe, comprising an executable pipeline and the resulting training dataset, for LLM adaptation. (b) Main
results. DataChef-32B performs comparably to recipes from Gemini-3-Pro across six held-out tasks. See details

in Sec. 4.2.

Abstract

In the current landscape of Large Language
Models (LLMs), the curation of large-scale,
high-quality training data is a primary driver
of model performance. A key lever is the
data recipe, which comprises a data process-
ing pipeline that transforms raw sources into
training corpora. Despite the growing use of
LLMs to automate individual data processing
steps, such as data synthesis and filtering, the
overall design of data recipes remains largely
manual and labor-intensive, requiring substan-
tial human expertise and iteration. To bridge
this gap, we formulate end-to-end data recipe
generation for LLM adaptation. Given a tar-
get benchmark and a pool of available data
sources, a model must output a complete data
recipe that adapts a base LLM to the target
task. We present DataChef-32B, which per-
forms online reinforcement learning using a
proxy reward that estimates the downstream
utility of candidate recipes. Across six held-
out tasks, DataChef-32B produces recipes that
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yield performance comparable to those curated
by human experts. The recipe from DataChef-
32B adapts Qwen3-1.7B-Base to the math do-
main, achieving 66.7 on AIME’25 and sur-
passing the official post-training checkpoint
(Qwen3-1.7B). This work sheds new light on
automating LLM training and developing self-
evolving Al systems.

1 Introduction

The rapid progress of LLMs (DeepSeek-Al et al.,
2025; OpenAl, 2025) has driven a shift toward
data-centric Al (Jakubik et al., 2024), where the
composition and quality of training data are deci-
sive factors for model performance. In practice,
constructing effective training data requires a well-
designed multi-stage pipeline that processes het-
erogeneous raw data through a sequence of oper-
ations, such as transformation, filtering, mixing,
synthesis, and refinement, tailored to specific train-
ing goals or stages (Yang et al., 2025; Cai et al.,
2025). In this work, we formalize such a pipeline
together with its resulting dataset as a data recipe.
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Formulating an effective data recipe currently
relies heavily on human heuristics, with experts
manually orchestrating data processing operations
and iteratively refining them based on empirical
feedback (Penedo et al., 2025; Gururajan et al.,
2024). While LLMs are widely used to automate
individual pipeline components, such as data fil-
tering (Liu et al., 2024; Zhang et al., 2025c) and
synthesis (Mitra et al., 2024; Huang et al., 2024),
they typically operate under rigid, hand-crafted
prompts or algorithms. Recent studies have ex-
plored automating data pipeline orchestration to
reduce manual effort. In particular, Data-Juicer
Sandbox (Chen et al., 2025a) proposes a Probe-
Analyze-Refine workflow that identifies impactful
operators from a predefined pool and combines
them, optimizing data utilization through system-
atic experiments over data processing, model train-
ing, and evaluation, with model performance as
feedback. However, the continuous scaling of data
and model sizes, coupled with the increasing com-
plexity of processing operations, renders an ex-
haustive exploration of the combinatorial recipe
space infeasible. This raises an essential ques-
tion: can Al systems automatically generate a data
recipe for training LLMs, including pipeline or-
chestration and the implementation of each oper-
ation, in a cost-efficient way?

To bridge this gap, we introduce a new task:
end-to-end data recipe generation for LLM adap-
tation. As shown in Fig. 1(a), given a target bench-
mark and a pool of available data sources, the ob-
jective is to generate a data recipe by specifying
the data processing pipeline that yields training
data for adapting an LLM to the target task. This
task requires sophisticated reasoning over hetero-
geneous data sources, applying domain-specific
processing operations, and generating executable
code. While reinforcement learning with verifi-
able rewards (RLVR) has proven effective in en-
hancing LLM reasoning in domains such as cod-
ing (Zeng et al., 2025) and mathematics (Yeo et al.,
2025), applying this paradigm to our task poses
two key challenges: (1) Data absence: As a novel
task, data recipe generation has no curated datasets
or standardized evaluation benchmarks. (2) Ex-
pensive and delayed supervision: While down-
stream performance naturally serves as the reward
signal, it is impractical to incorporate full LLM
training into an online RL loop.

To address these challenges, we curate a diverse
task pool of 31 widely used benchmarks across

19 domains. These domains span reasoning-
heavy fields, such as mathematics and coding,
and knowledge-centric fields, such as finance,
medicine, and natural sciences. The pool is parti-
tioned into 25 training tasks and 6 held-out eval-
uation tasks, with each task supported by 8-15
source training datasets. We further propose a
Data Verifier that estimates the utility of pro-
cessed data without model training, providing a
low-latency proxy reward for scalable online RL.
Empirically, our Data Verifier correlates well with
downstream performance and exhibits superior ro-
bustness across diverse tasks than existing data
scoring metrics (Li et al., 2024a; Friedman and Di-
eng, 2023). Leveraging this task pool and proxy
reward, we present DataChef-32B, an LLM spe-
cialized in generating optimal data recipes.

Evaluations on 6 held-out tasks show that
DataChef-32B matches the state-of-the-art pro-
prietary model, Gemini-3-Pro, as illustrated in
Fig. 1(b). In addition, recipes generated by
DataChef-32B outperform the SOTA selection al-
gorithm, DEITA (Liu et al., 2024), on most tasks,
highlighting the potential of exploring a code-
defined recipe space over hand-designed selec-
tion heuristics. Our recipes further adapt Qwen3-
1.7B-Base to achieve 66.7 on AIME’25 (AIME,
2025) and 46.3 on ClimaQA (Manivannan et al.,
2025), surpassing the official Qwen3-1.7B check-
point with industry-level post-training on expert-
curated data recipes.

In summary, our contributions are as follows:

e We formulate a new task, end-to-end data recipe
generation for LLM adaptation, which requires a
model to automatically generate a data recipe from
a target benchmark and available data sources.

e We construct a diverse data pool covering 19 do-
mains, 31 benchmarks, and 257 datasets to facili-
tate research in this area.

e We propose an efficient learning framework
with a proxy reward that enables scalable on-
line RL. Experiments show that DataChef-32B
achieves performance comparable to a frontier pro-
prietary model on data recipe generation.

2 Related Work

Data Pipelines. Many existing approaches rely
on human experts to design individual data pro-
cessing heuristics, including data mixing (Liu
et al., 2025b), data sampling (Xu et al., 2024;
Chen et al., 2025d), and data synthesis (Chen
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et al,, 2025c). General-purpose data process-
ing frameworks (Chen et al., 2024a; Park et al.,
2025) provide standardized modules and scalable
pipeline construction, and are adopted to curate
large-scale, high-quality training data, such as
FineWeb2 (Penedo et al., 2025) for multilingual
pre-training and Aloe (Gururajan et al., 2024) for
medical-domain fine-tuning. However, their effi-
ciency remains constrained by manual pipeline de-
sign and iterative trial-and-error on downstream
tasks. Data-Juicer Sandbox (Chen et al., 2025a)
marks a step toward automated data pipeline con-
struction, using a Probe-Analyze-Refine workflow
to assess operator effectiveness, but still relies on
feedback derived from downstream model train-
ing, which is time-consuming and computation-
ally expensive. In contrast, our work aims to gen-
erate data recipes end-to-end from scratch.

LLM Agents for Data Science. LLM agents
automate data science via heuristic prompt-based
workflows (Li et al., 2024b; Hong et al., 2025;
Jiang et al., 2025; Chi et al., 2024), external
knowledge retrieval (e.g., from Kaggle solutions
or research papers) (Guo et al., 2024; Kulibaba
et al., 2025; Nam et al., 2025), or learning-based
approaches that fine-tune models through inter-
action (Liu et al., 2025¢; Zhang et al., 2025b).
However, these methods are typically evaluated
on well-defined Kaggle benchmarks (Chan et al.,
2025; Zhang et al., 2025a; Jing et al., 2025) with
static datasets, and some rely on human-curated
code as a starting point. In contrast, we address
an open-ended setting, taking arbitrary tasks and
available datasets as input and directly generating
data recipes for LLM training.

Data Evaluation. Training and evaluating LL.Ms
are computationally expensive, motivating the use
of lightweight proxies to assess model perfor-
mance (Chen et al., 2025a). Existing methods
include handcrafted indicator-based metrics (Li
et al., 2024a; Friedman and Dieng, 2023), model-
based predictors (Ge et al., 2024; Liu et al,
2024), and LLM-as-a-judge prompting (Chen
et al., 2024b). However, the correlation between
these assessment scores and downstream model
performance remains underexplored, as prior work
often relies on isolated data selection experiments.
We bridge this gap by systematically analyzing
the alignment between representative assessment
methods and fine-tuning performance across di-
verse tasks.

3 Methodology

In this section, we formalize the problem in
Sec. 3.1, describe our task pool in Sec. 3.2, and
present the learning framework in Sec. 3.3.

3.1 Problem Formulation

The goal of our work is to automatically generate
a data recipe for a given task. We formulate a task
as a triplet 7' = (I, 7,D), where [ is a natural-
language instruction describing the task require-
ment together with meta-information of the data
sources and evaluation protocol, D is the set of
available raw data sources, and 7 is an evaluation
metric that maps any model M to a scalar perfor-
mance score 7(M) € R. A data recipe is de-
fined as r = (g, d), where g € G is a data pipeline
and d = g(D) is the resulting training dataset. In
our experiments, the pipeline is implemented as a
Python script.

Let My denote a language model, and let 6, de-
note the parameters obtained by fine-tuning on a
dataset d. We aim to learn a policy 7y (r | T') that
generates recipes maximizing the expected down-
stream performance of the trained model. For-
mally, the objective is:

T(@) = Epry (1) [7(Mo,)] (1)
3.2 Task Pool Construction

Seed Task Curation. We construct a diverse task
pool covering 19 domains, including reasoning,
coding, and knowledge-intensive fields such as
healthcare, finance, and natural science. As shown
in Fig. 2(a), for each domain we curate representa-
tive benchmarks (e.g., GSM8K and AIME’25 for
mathematics), totaling 31 benchmarks. For each
benchmark, we retrieve candidate datasets from
Hugging Face, prioritizing those with high com-
munity engagement (downloads and likes), yield-
ing a repository of 257 distinct data sources. From
this collection, we construct 25 seed tasks for train-
ing and reserve 6 held-out tasks (3 in-domain, 3
out-of-domain) for evaluation. Details of the se-
lected benchmarks and the automatic dataset re-
trieval procedure are provided in Appx. A.1.

Training Task Augmentation. To facilitate ro-
bust policy learning, we expand the 25 seed tasks
into a large-scale training set Ttraim. We use a
probabilistic sampling strategy: a benchmark is se-
lected with probability proportional to its source
count | D|, then a subset D’ C D is uniformly sam-
pled to form a new instance 7" = (I',7,D’). Af-
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Figure 2: Illustration of task construction and the DataChef framework. Given a task, the policy LLM gener-
ates a data pipeline, which is executed on raw sources to produce a training dataset. The Data Verifier then scores
a sampled subset to provide a scalar reward, guiding policy updates via GRPO to optimize for data quality and

executability.

ter deduplication, this procedure yields 5K unique
task instances.

3.3 End-to-end Data Recipe Generation

Framework Overview. As illustrated in Fig. 2,
our framework optimizes the policy 7y to gen-
erate high-quality data recipes. Given a task 7T,
the policy produces a data pipeline g compris-
ing a natural-language plan to orchestrate data op-
erations and its executable code implementation.
During training, the pipeline transforms raw data
sources D into a training dataset d, which is then
evaluated by the Data Verifier to guide policy up-
dates via reinforcement learning. During infer-
ence, the data recipe is directly used for down-
stream model adaptation.

Cold-start Initialization. Training the policy
from scratch using RL is non-trivial due to the
low executability of data recipes, leading to
sparse, high-variance rewards and ineffective ex-
ploration (Shao et al., 2024; Liu et al., 2025¢c).
To mitigate this, we adopt a cold-start Super-
vised Fine-Tuning (SFT) phase. We observe that
decoupling reasoning and coding yields superior
inference-time performance (detailed in Sec. 4.4).
Therefore, we construct a demonstration set using
a decoupled generation process: a strong reason-
ing model proposes plans, and a specialized cod-
ing model implements them. Rejection sampling
retains only high-quality rollouts based on execu-
tion success and data quality. Initializing 7, on
this curated dataset provides foundational code-
generation capability and stabilizes the subsequent
RL phase.

Reward Modeling. Ideally, the reward signal
would be the downstream performance 7(My, ).
However, using it as an online reward is com-
putationally prohibitive, requiring repeated model
training and evaluation. Instead, we design an effi-
cient surrogate reward based on the quality of the
generated dataset d. Inspired by rubric-based re-
wards (Gunjal et al., 2025), we use a strong LLM
as a Data Verifier to classify each instance = € d
into one of five categories with assigned scalar
scores s(x):

e [nvalid (0): Samples missing essential informa-
tion or with severe repetition.

e Format Error (0):
quired output format.

Samples violating the re-

e Incorrect (0): Samples with factual errors or
wrong answers.

o Task Mismatch (0.4): Valid samples that are se-
mantically irrelevant to the target task 1.

e Pass (1.0): High-quality samples that satisfy all
criteria.

For efficiency during online training, we estimate
the dataset quality by randomly sampling a subset
dcCd. Let s(d) be the average instance score over
this sampled subset. We define the final recipe re-
ward R(r) by incorporating penalties for execu-
tion and format failures:

—Ap, if d = ) (execution failure),
R(?”) = ¢ —Ammt, if d violates the training format,
5(d), otherwise,

2
where \g and Apy are positive penalty coefficients.
See Appx. A.2 for the full category definitions

21211



Table 1: Main Results on six held-out tasks. We report the mean Data Verifier Score DVS,,sa32 and the
Downstream Benchmark Score DBS, where the Average column presents DBS, .1, as a normalized score relative
to SINGLE-SOURCE,st (100.0). Qwen3-Next-80B ¢ Kimi-K2 denotes a combination using Qwen3-Next-80B for
reasoning and Kimi-K2-Instruct for coding. DataChef-32B achieves average performance comparable to Gemini-
3-Pro, while DataChef-32B (Oracle) further demonstrates the potential of generated recipes.

Note: All Methods are fine-tuned from Qwen3-1.7B-Base

Indomain Tasks

Method PHYSICS AIME LIVECODE Average
DVSavgazz T DBST DVSuygaz2 T DBST DVSagazz T DBST  DVSagazz T DBSnorm T
Model Reference
Qwen3-1.7B-Base - 0.8 - 20.0 - 1.7 25.5
Qwen3-1.7B - 20.8 - 333 - 25.7 1233
Human-Preprocessed Data Baselines
SINGLE-SOURCEyg - 6.1 - 234 - 6.3 63.9
SINGLE-SOURCEpest - 8.5 - 39.6 - 10.3 100.0
POOL;andom - 6.8 - 19.6 - 5.7 61.9
POOL1rp - 7.0 - 33 - 4.6 453
POOLpErTA - 7.5 - 6.7 - 10.9 70.5
LLM-as-a-Chef
Qwen3-32B 11.0 59 31.5 13.3 24.3 8.0 223 56.7
GPT-OSS-120B 33.4 9.0 35.1 10.0 28.9 7.4 324 68.0
Kimi-K2 19.7 9.0 354 20.0 19.3 9.7 24.8 83.7
Qwen3-Next-80B @ Kimi-K2 48.7 8.9 78.3 233 39.2 7.4 55.4 78.6
Gemini-3-Pro 69.7 9.2 80.7 30.0 53.6 9.1 68.0 91.2
DataChef-32B 61.4 8.7 84.7 30.0 45.8 9.1 64.0 89.3
DataChef-32B (Oracle) - 10.4 - 66.7 - 10.3 130.3
Out-of-domain Tasks
Method CLIMAQA OPENFIN CHID Average
DVSagasz T DBST  DVSugasa T DBST DVSugasz© DBS+ DVSuwgas2 ? DBSnomm T
Model Reference
Qwen3-1.7B-Base - 15.1 - 33.7 - 14.2 35.9
Qwen3-1.7B - 442 - 73.4 - 59.8 101.0
Hi Prepr d Data Baseli
SINGLE-SOURCEyg - 26.0 - 41.7 - 493 65.1
SINGLE-SOURCEpst - 43.6 - 63.7 - 70.3 100.0
POOLandom - 25.7 - 65.6 - 47.5 76.5
POOLipp - 37.9 - 60.8 - 56.6 87.7
POOLpEITA - 38.0 - 63.2 - 63.7 924
LLM-as-a-Chef
Qwen3-32B 20.6 35.6 34.9 23.8 1.1 12.3 18.9 45.5
GPT-OSS-120B 37.3 34.6 472 62.8 9.1 44 31.2 61.5
Kimi-K2 18.3 41.8 51.5 46.5 23.1 39 31.0 58.2
Qwen3-Next-80B @ Kimi-K2 415 42.6 54.7 64.0 8.6 4.1 34.9 68.0
Gemini-3-Pro 584 443 54.9 61.8 29.7 21.9 47.6 76.6
DataChef-32B 57.3 42.1 67.0 63.9 7.9 20.5 44.1 75.4
DataChef-32B (Oracle) - 46.3 - 67.1 - 45.7 92.2

used in the prompt and Appx. C.6 for the compu- maximizing the following objective:

tational cost analysis.

J(¢) =E
Reinforcement Learning. We adopt Group Rela-
tive Policy Optimization (GRPO) for training. For
each task T' ~ Tirain, we sample a group of G can- h o
didate data recipes {r;}$, from the current pol- whete p Z( )_
R Ti)—

icy mg,,,- The policy parameters are optimized by  A;
21212
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Figure 3: Correlation analysis of data evaluation metrics. (left) We summarize the Pearson correlation co-
efficients across all six evaluated tasks. (right) We detail the relationship between metric scores (X-axis) and
downstream performance (Y-axis) on Language and Code tasks. The Data Verifier maintains a strong, consistent
positive correlation across disparate domains. Please refer to Tab. 5 and Fig. 12 in Appx. C.4 for complete results.

is the clipping parameter, 7 is a fixed reference
policy, and 3 controls KL regularization.

4 Experiments

4.1 Setups

Training. For cold-start SFT, we train Qwen3-
32B (Yang et al., 2025) on 5K high-quality syn-
thetic instances for 2 epochs with a learning rate
of 2e-5 and a batch size of 32. In the RL phase, we
further train the SFT checkpoint with GRPO (Shao
et al., 2024) for 1 epoch on the same data, using a
learning rate of 5Se-7, a rollout batch size of 128,
a sampling temperature of 1.0, and 8 candidate
recipes per task.

Evaluation Set. We evaluate on 6 held-out
tasks: 3 in-domain and 3 out-of-domain. The
in-domain tasks share domains with the train-
ing data but remain unseen during training.
The in-domain benchmarks are PHYSICS (Feng
et al., 2025), AIME’25 (AIME, 2025), and Live-
CodeBenchv6 (Jain et al., 2024); the out-of-
domain benchmarks are OpenFinData (Informa-
tion, 2023), ClimaQA (Manivannan et al., 2025),
and CHID (Zheng et al., 2019).

Metrics. Executing recipes and running down-
stream fine-tuning and evaluation is computa-
tionally expensive, making large-scale end-to-end
evaluation impractical. For each evaluation task,
we therefore generate a candidate set of N = 32
independent data recipes and report two metrics:
(1) DVSayvg@32: the mean Data Verifier Score over
the 32 recipes, reflecting expected recipe quality
and generation reliability; recipes that fail to yield
valid training data receive a score of 0. (2) DBS:
the Downstream Benchmark Score of a model fine-
tuned on a single recipe drawn uniformly at ran-
dom from valid candidates (DVS > 0), capturing

the observed downstream performance of a suc-
cessfully executed recipe. Additionally, to approx-
imate an oracle upper bound for DataChef-32B,
we select the most promising recipe from the can-
didate set and report its downstream score. All
downstream evaluations fine-tune Qwen3-1.7B-
Base for 3 epochs with a learning rate of 2e-5 and
a batch size of 64.

Baselines. We compare DataChef-32B against
strong LLM baselines: Qwen3-32B (Yang
et al,, 2025), GPT-OSS-120B (OpenAl et al.,
2025), Kimi-K2-Instruct (Team et al., 2025),
Qwen3-Next-80B-A3B-Thinking, and Gemini-3-
Pro (Google, 2025). Additionally, we include
the following reference baselines: (1) To bench-
mark raw data quality and hand-designed strate-
gies, we manually filter and format each available
source and report the average and best downstream
performance of single-source training as SINGLE-
SOURCEuyg and SINGLE-SOURCEpeg;, respec-
tively. We further pool all manually preprocessed
sources and apply random selection (Xia et al.,
2024), IFD (Li et al., 2024a), and DEITA (Liu
et al., 2024), denoted POOLndom» POOLFD, and
POOLpErTa. (2) We report the performance of
the official Qwen3-1.7B checkpoint, an industry-
standard topline trained with expert-curated data
recipes. Detailed experiment setups are provided
in Appx. B.

4.2 Main Results

Main Comparison. Tab. 1 compares DataChef-
32B with the LLM-as-a-Chef baselines. Among
open-source models, DataChef-32B attains the
best average DVS,yga32 and DBS, o on both
splits, reaching DBS,o;m, of 89.3 in-domain and
75.4 out-of-domain. It exceeds GPT-OSS-120B,
which serves as the Data Verifier, indicating that
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Figure 4: Analysis of RL Effectiveness. (a) RL train-
ing dynamics indicate that the policy consistently con-
verges toward high-quality data recipe generation. (b)
Evaluation results show that RL yields substantial im-
provements on out-of-domain tasks.

the policy is not bounded by the verifier’s own
recipe-generation capacity, and surpasses Qwen3-
Next-80B & Kimi-K2, the composite used to
construct the cold-start SFT data, showing that
training lifts the policy beyond imitation. No-
tably, DataChef-32B reaches performance compa-
rable to the closed-source Gemini-3-Pro (91.2 in-
domain, 76.6 out-of-domain), suggesting that a
32B model trained with our pipeline approaches
a frontier proprietary model on automated data
recipe generation.

Surpassing Human Baselines. By selecting the
most promising recipe from 32 candidates (Ora-
cle Upper Bound), DataChef-32B exceeds human-
preprocessed data baselines on most tasks, reach-
ing an average in-domain score of 130.3. This sug-
gests that DataChef goes beyond dataset selection
and synthesizes novel pipelines that combine se-
lection, mixing, synthesis, and filtering, support-
ing the value of searching a code-defined recipe
space over hand-designed heuristics. It further
attains 66.7 on AIME’25 and 46.3 on ClimaQA,
surpassing the official Qwen3-1.7B checkpoint
trained with expert-curated data recipes. These re-
sults underscore the potential of fully automating
data recipe generation for LLLM training.

4.3 Data Verifier

Setup. To evaluate the proposed Data Verifier,
we measure the Pearson correlation between ver-
ifier scores and downstream benchmark perfor-

Table 2: Ablation study on training stages and re-
ward design. We investigate the impact of the cold-
start phase and the granularity of the reward signal.
Raense denotes our proposed fine-grained Data Verifier
score, while Rgparse TEpresents a constant success re-
ward for valid execution.

Performance (DVS.ga32)

Cold Start RL  Reward

In-Domain  Out-of-Domain

MBasel X X - 4.1 5.5

Mg x v Rdense 329 239

Msparse v v Rme 62.7 44.1

DataChef-8B v v (R 63.2 46.8
mance. We compare against widely used data

evaluation metrics: IFD (Li et al., 2024a), Re-
wardModelScore (Liu et al., 2025a), DEITA (Liu
et al., 2024), and VendiScore (Friedman and
Dieng, 2023). To obtain diverse data quality
and downstream performance, we construct 8—12
datasets per task under a fixed data budget via two
strategies: (1) direct sampling from available task-
specific data sources, and (2) subset selection from
the pool in (1) based on response length.
Correlation Analysis. As shown in Fig. 3 and de-
tailed in Appx. C.4, the Data Verifier achieves the
highest average Pearson correlation of 0.59 across
all six domains. Baseline metrics show large cross-
domain variance and yield negative correlations in
domains such as Math (—0.48 for IFD) and Code
(—0.15 for DEITA), which can supply misleading
optimization signals. In contrast, the Data Ver-
ifier maintains a positive correlation on all eval-
uated tasks. Additionally, it attains the highest
statistical significance, with 4 of 6 tasks satisfy-
ing p < 0.1, confirming that it provides a statisti-
cally robust and globally consistent signal for au-
tomated data recipe generation. This signal is ro-
bust to the choice of verifier backbone, as smaller
open-source scoring models yield comparable cor-
relations, detailed in Appx. C.5.

4.4 Ablation and Analysis

Effectiveness of RL. Fig. 4 shows that reward val-
ues trend upward while their standard deviation
decreases during training, indicating convergence
of the RL process. Held-out evaluation results
suggest that RL primarily improves generaliza-
tion, yielding larger gains on out-of-domain tasks
while preserving in-domain performance. Quanti-
tatively, RL produces an average DV S, ;@32 im-
provement of 3.6% for the 8B model and 3.7% for
the 32B model.

Effectiveness of Cold Start. Tab. 2 shows
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Table 3: Analysis of collaborating with strong cod-
ing models. We compare the end-to-end paradigm
against decoupled approaches where the model acts
solely as a planner, relying on an external coder (Kimi-
K2-Instruct) for implementation.

Performance (DVS,yza32)

Model External Coder

In-Domain  Out-of-Domain
Inference-Time
Qwen3-32B X 223 18.9
Qwen3-32B v 40.3 33.1
Training Paradigm
Planner-32B v 56.7 37.3
DataChef-32B X 64.0 4.1

that omitting the cold start degrades performance
across all domains. To understand this behavior,
we analyze the distribution of function calls in
Fig. 5. The direct RL model tends to generate sim-
plistic data pipelines and underuses complex data
processing operations. We hypothesize that with-
out the SFT warm-up, the model exhibits reward
hacking: it avoids execution penalties by generat-
ing safe, trivial scripts rather than optimizing for
data quality. In contrast, DataChef-8B builds on
the SFT foundation to explore and apply richer and
sophisticated operations, such as filtering and data
augmentation.

Ablation on Reward Signal. To assess the fine-
grained data quality feedback, we conduct an abla-
tion that replaces the continuous verifier score s(cf)
in Eq. 2 with a constant success reward, assigning
1.0 to any valid data recipe. Tab. 2 shows that this
quality-agnostic signal leads to noticeable perfor-
mance drops, indicating that the model relies on
the guidance from the Data Verifier to distinguish
high-utility recipes from merely executable ones.

Collaborating with Strong Coder. Given the
availability of specialized coding models, a nat-
ural design is to decouple the task: use the pri-
mary model as a planner (natural language or-
chestration) and an external coder for implemen-
tation. Tab. 3 shows that this paradigm im-
proves inference-time performance, with Qwen3-
32B paired with Kimi-K2-Instruct yielding 18.0%
and 14.5% DVS,.za32 gains on in-domain and
out-of-domain tasks, respectively. However, train-
ing the model solely as a planner yields lower per-
formance than the end-to-end approach, suggest-
ing that joint training of planning and coding is
beneficial for data recipe generation.

Case Study. We first present examples of the
Data Verifier in Fig. 10, showing that it identi-
fies data anomalies and accurately classifies sam-

Operation Frequency (Avg over 32 runs)

20.0 Qwen3-8B Direct RL DataChef-88
17.5
15.0
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Function Calls
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Load Format Deduplicate  Filter Augmentation Dump

Figure 5: Analysis of operation frequency in gener-
ated recipes. We compare the average number of func-
tion calls per recipe across different models.

ples into pre-defined categories. For DataChef-
32B, we analyze the data recipes generated by
Qwen3-32B and DataChef-32B on the out-of-
domain financial task in Fig. 6. Categorizing
source datasets that yield strong downstream per-
formance as High-Perf Proxies and those that yield
weak performance as Low-Perf Sources, we ob-
serve that DataChef-32B tends to identify and pri-
oritize high-utility datasets. We further provide
data processing pipelines with code examples in
Appx. C.1, showing that DataChef-32B can: (1)
automatically use LLMs to augment data into task-
specific formats or synthesize data that enhances
the target ability; and (2) extract the most relevant
data subsets using self-generated keywords. We
additionally analyze synthetic recipe diversity in
Appx. C.2 and out-of-domain behavior on the chal-
lenging CHID task in Appx. C.3.

5 Conclusion

In this paper, we formulate the task of automated
data recipe generation for LLM adaptation. To
support this, we construct a task pool spanning
31 benchmarks across 19 domains with held-out
evaluation splits. Building on this foundation, we
present DataChef-32B, trained with a Data Veri-
fier that provides a low-cost proxy reward for on-
line RL. DataChef-32B demonstrates strong gen-
eralization capabilities, matching human-level ex-
pertise on specific benchmarks. Our work bridges
the gap between data curation and model evolu-
tion, fostering the development of self-evolving
AL

Limitations. The Data Verifier provides a gener-
alizable proxy reward but may lose precision on
some tasks. Designing specialized evaluators with
higher-resolution signals is a promising direction
for future work. We discuss additional limitations
and future directions in Appx. D.
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A Implementation Details of DataChef

A.1 Details of Task Pool

Full Benchmark List. Table 4 presents the full
list of benchmarks used in our task pool, along
with their domains and usage.

Table 4: List of benchmarks used in the task pool.

Domain Benchmark Usage

HumanEval (Chen et al., 2021) Train
LiveCodeBench v6 (Jain et al., 2024) Test

OpenbookQA (Mihaylov et al., 2018)  Train

Code

Comprehension

RACE (Lai et al., 2017) Train

Instruction Following  IFEval (Zhou et al., 2023) Train
. AgXQA (Kpodo et al., 2024) Train
Agriculture SeedBench (Ying et al., 2025) Train
Astronomy Astrobench (Ting et al., 2024) Train
Genome-Bench (Yin et al., 2025) Train

Biology MoleculeQA (Lu et al., 2024) Train
ProteinLMBench (Shen et al., 2024) Train

Chemistry ChemBench (Mirza et al., 2024) Train
Earth Science EarthSE (Xu et al., 2025) Train
C-Eval (Huang et al., 2023) Train

General Knowledge  \ppy (7' (Hendrycks et al., 2021) Train
. MedXpertQA (Zuo et al., 2025) Train
Medical MedQA (Yano et al., 2025) Train
Finance OpenFinData (Information, 2023) Test
Atmosphere ClimaQA (Manivannan et al., 2025) Test
Physics PHYBench (Qiu et al., 2025) Train
SIS PHYSICS (Feng et al., 2025) Test
L-Eval (An et al., 2023) Train

Long Context LongBench (Bai et al., 2023) Train
Math GSMSK (Cobbe et al., 2021) Train
AIME’25 (AIME, 2025) Test

Reasonin BBH (Suzgun et al., 2022) Train
§ 2 HotpotQA (Yang et al., 2018) Train
Safet HaluEval (Li et al., 2023) Train
Y SafetyBench (Zhang et al., 2023) Train
Writing ‘WritingBench (Wu et al., 2025) Train
Language CHID (Zheng et al., 2019) Test

Datasets Retrieval Procedure. We automate
the retrieval of candidate datasets relevant to the
benchmark and task through the following proce-
dure:

o Keyword Synthesis. We use an LLM to gen-
erate 3-5 high-relevance search keywords tailored
to the downstream task.

e Search. Leveraging the generated keywords,
we query both the Hugging Face and Google
Search APIs to harvest a broad spectrum of poten-
tial datasets.

e Rank. To ensure dataset utility, we rank re-
trieved datasets by community popularity (e.g.,
likes) and retain the top-4 candidates for each key-
word.

e Verify. We implement a strict verification pro-
tocol to preclude data leakage, explicitly ensuring
no overlap exists between the retrieved candidates
and the benchmark.

A.2 Prompt Templates and Model Selection

Data Verifier. We utilize gpt-oss-120b (OpenAl
et al., 2025) as the Data Verifier. This is a Mixture-
of-Experts (MoE) model with only about 5B ac-
tive parameters per token, ensuring high inference
speed. The detailed rubric-based prompt used for
evaluation is presented in Fig. 9.

Cold-start Models. To construct high-quality
cold-start supervision, we employ two specialized
models: Qwen3-Next-80B-A3B-Thinking (Yang
et al., 2025) for planning and reasoning, and Kimi-
K2-Instruct (Team et al., 2025) for code implemen-
tation. The corresponding prompts are detailed in
Fig. 7 and Fig. 8.

B Details of Experiments Setup
B.1 Data Evaluation Metrics Settings

We use the OpenDataArena-Tool! for data assess-
ment, adhering to its default configurations. The
specific settings for the data evaluation metrics
used in our experiments are as follows:

o IFD. We employ Qwen2.5-3B-Instruct as the
backend model to calculate the Instruction-
Following Difficulty (IFD) score. Following (Li
et al., 2024a), instances with an IFD score > 1 are
treated as outliers. To ensure robust correlation
analysis, we assign a score of 0 to these anoma-
lies.

e DEITA. Following (Liu et al., 2024), we define
the final data score as the product of the Complex-
ity Score and the Quality Score. These scores are
computed using the checkpoints provided in the
official DEITA repository.

e RewardModelScore.  We utilize Skywork-
Reward-V2-Llama-3.1-8B-40M (Liu et al., 2025a)
to compute the reward score, serving as a proxy for
response quality.

e VendiScore. We employ Qwen3-Embedding-
0.6B to compute sample embeddings and utilize
Euclidean distance as the similarity metric to cal-
culate VendiScore, measuring the diversity of the
dataset.

B.2 Evaluation Setup

All downstream task evaluations are conducted us-
ing the OpenCompass framework”. The detailed
settings for each benchmark are as follows:

1https: //github.com/OpenDataArena/
OpenDataArena-Tool
Zhttps://github.com/open-compass/opencompass
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Table 5: Detailed correlation results across different domains. For each domain, we report the Pearson correla-

tion coefficient () and the corresponding p-value.

Metric PHYSICS AIME LiveCodeBench ClimaQA OpenFinData CHID Summary

r P r p r D r P r P r p  Positive p<0.05 p<O0.1
IFD 048 0.19 -048 0.12 043 0.25 090 0.00 059 0.10 051 0.16 5/6 1/6 2/6
Deita 020 0.61 -0.04 091 -0.15 0.70 091 0.00 0.10 0.80 0.61 0.08 4/6 1/6 2/6
RewardModel 0.34 037 0.18 0.58 0.30 0.43 090 0.00 036 034 044 0.23 6/6 1/6 1/6
VendiScore 036 034 033 029 -0.17 0.67 0.66 0.08 060 009 029 044 5/6 0/6 2/6
DataVerifier 0.63 0.07 0.59 004 0.63 0.07 052 0.19 034 037 0.83 0.01 6/6 2/6 4/6

Low-perf Proxy
High-perf Proxy
e Qwen3-32B
e DataChef-32B

Figure 6: Visualization of data distribution in gener-
ated recipes. We project the source datasets and the
data recipes generated by different models into a 2D
embedding space.

e PHYSICS. We employ xVerify-9B-C (Chen
et al., 2025b) as the evaluator and report the av-
erage accuracy across all sub-tasks.

e AIME’25. We evaluate on the 2025 subset (cov-
ering both Part I and Part IT). For each question, we
generate 8 responses and report the average accu-
racy. x Verify-9B-C is used as the evaluator.

e LiveCodeBench v6. We utilize the official
prompt guidelines and report the pass@1 metric.
The LCBCGenerationEvaluator is used for assess-
ment.

e ClimaQA. We employ xVerify-9B-C as the
evaluator and report the average accuracy across
all sub-tasks.

e OpenFinData. We use the OpenFinDataKWE-
valuator and report the average accuracy across all
sub-tasks.

e CHID. We report the average accuracy on both
the development and test sets.

B.3 Oracle Selection

The specific procedure for Oracle Selection is:

1. Filter: From the 32 generated recipes, we se-
lect the top-8 candidates based on the Data Verifier
Score.

2. Verify: A human expert reviews these top-8
candidates to ensure quality, verifying key aspects
including: (a) format alignment with the target
benchmark (e.g., the processed dataset should in-
clude multiple-choice structures for MCQ tasks);
(b) context integrity (e.g., verifying that inputs in-
clude necessary reference texts for reading com-
prehension, rather than just questions); and (c) log-
ical comprehensiveness of the pipeline operations.
Based on this comprehensive assessment, the ex-
pert selects the optimal candidate for final training.

B.4 Penalty Coefficient

The penalty coefficients in Eq. 2 are set to A = 0.3
for execution failure and A = 0.1 for format failure.

B.5 Budget

For DBS evaluation, the data budget is set to 10K.
If arecipe generates more, we randomly downsam-
ple to 10K; if fewer, we use all. During training
and DVS evaluation, we use a budget of 100 sam-
ples for rapid proxy reward calculation.

C Additional Analyses and Case Studies
C.1 Case Study

Data Verifier. We first present detailed examples
of the Data Verifier in Fig. 10, demonstrating its ca-
pability to identify data anomalies and accurately
classify samples into pre-defined categories.
DataChef. We next present a complete data pro-
cessing pipeline generated by DataChef-32B for
the ClimaQA task. As shown in Fig. 11, the gen-
erated code successfully produces valid training
data by: (1) automatically leveraging LLMs to
augment data into task-specific formats and syn-
thesize samples to enhance target capabilities; and
(2) extracting the most relevant data subsets using
self-generated keywords.
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Table 6: Recipe diversity over 32 independently sampled recipes per held-out task. For each method, we report
the number of unique complete recipes, source sets, and operator sequences.

DataChef-32B Gemini-3-Pro
Task
Recipe Source Operator Recipe Source Operator

set seq. set seq.
Physics 32 12 26 32 10 29
Math 32 14 23 32 9 26
Code 32 9 23 32 8 31
Atmosphere 32 9 27 32 6 27
Finance 32 10 30 32 4 31
Language 32 2 25 32 1 29
Average 32 9.3 25.7 32 6.3 28.8

C.2 Diversity Analysis of Generated Data
Recipes

We analyze whether the generated data recipes col-
lapse to repetitive outputs. We measure the di-
versity of 32 independently sampled recipes dur-
ing evaluation at three granularities: complete
recipes, source sets, and operator sequences. As
shown in Tab. 6, exact repetition is rare. Both
DataChef-32B and Gemini-3-Pro generate 32/32
unique recipes across all six held-out tasks. At
a finer granularity, DataChef-32B obtains an av-
erage of 9.3 unique source sets and 25.7 unique
operator sequences, comparable to Gemini-3-Pro,
with 6.3 unique source sets and 28.8 unique op-
erator sequences. The relatively lower source-set
diversity on some tasks, such as CHID, is expected
because only a small number of candidate datasets
are highly relevant to the target task. However,
the operator-sequence diversity remains high, in-
dicating that the model still explores diverse data-
processing strategies on this task.

C.3 CHID Performance Analysis

We analyze the out-of-domain robustness of Dat-
aChef, focusing on CHID as a difficult case.
CHID requires Chinese idiom cloze reasoning,
whereas the available raw sources are only weakly
aligned with the target benchmark, including id-
iom datasets in other languages, Chinese brain-
teaser data, ancient-knowledge question answer-
ing data, and classical-text corpora. Therefore,
recipe generation for CHID requires not only se-
lecting useful sources but also transforming het-
erogeneous raw data into Chinese idiom cloze-
style training instances. In practice, LLM-as-a-
Chef methods often select more ambitious oper-
ations, such as converting classical Chinese or
pretraining-style text into idiom cloze questions.

These transformations are more error-prone than
those needed when candidate sources are already
well aligned with the target task, making CHID a
harder setting for data recipe generation.

Despite this difficulty, DataChef-32B remains
competitive among LLM-as-a-Chef methods on
CHID. It raises the downstream benchmark score
from 12.3 with Qwen3-32B to 20.5, approach-
ing 21.9 with Gemini-3-Pro. This result suggests
that DataChef improves out-of-domain recipe gen-
eration even when the available data sources are
only weakly aligned with the target benchmark.
Notably, SINGLE-SOURCE}g iS a strong refer-
ence point, since it selects the best source accord-
ing to downstream fine-tuning and evaluation re-
sults, while LLM-as-a-Chef methods generate ex-
ecutable recipes without downstream feedback at
inference time.

C.4 Additional Results on Correlation
Analysis

We provide the comprehensive correlation analy-
sis results across all six evaluation tasks in Fig. 12.
These results validate the robustness of our Data
Verifier compared to baseline metrics across di-
verse domains.

C.5 Robustness to Verifier Backbone

We investigate whether the Data Verifier depends
on a large scoring model. Specifically, we replace
GPT-OSS-120B with two smaller open-source
backbones, GPT-OSS-20B and Qwen3-8B, while
keeping the same rubric, scoring protocol, and cor-
relation analysis setup. As shown in Tab. 7, both
smaller backbones maintain positive correlations
across all six tasks and reach correlation levels
comparable to GPT-OSS-120B. This suggests that
the verifier-based signal does not rely exclusively
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Table 7: Effect of verifier backbone. We report Pearson correlation coefficients between Data Verifier scores and
downstream benchmark performance when using different open-source models as the verifier backbone.

Verifier Backbone PHYSICS AIME LiveCodeBench ClimaQA OpenFinData CHID Summary

T P T P r P r P r P r p  Positive p<0.05 p<0.1
Qwen3-8B 047 021 053 0.07 0.87 0.00 0.68 0.06 041 027 058 0.11 6/6 1/6 3/6
GPT-OSS-20B 0.70 0.04 0.62 0.03 0.69 0.04 0.67 0.07 038 032 0.89 0.00 6/6 4/6 5/6
GPT-OSS-120B 0.63 0.07 059 0.04 0.63 0.07 052 0.19 034 037 0.83 0.01 6/6 2/6 4/6

on a large verifier model; the rubric-based verifica-
tion protocol can provide useful reward feedback
even with smaller open-source models.

C.6 Computational Cost Analysis

For SFT, the average per-step time is 2.4 minutes
with a batch size of 32 on 8 H200 GPUs. For
RL, we allocate 8 H200 GPUs to the policy model
and 2 H200 GPUs to the Data Verifier deployment.
A single RL step, which processes 128 candidate
recipes, takes an average of 20.2 minutes. Notably,
the Data Verifier inference accounts for less than
2 minutes of this duration, demonstrating its high
computational efficiency.

D Limitations and Future Work

Predicting downstream model performance with-
out actual training remains a challenging open
problem, primarily because data utility is inher-
ently model-dependent. For instance, data that
benefits a weaker model might yield no gain or
even negatively impact a more capable model that
requires more challenging samples. Although the
correlation analysis in Sec. 4.3 demonstrates the
superior correlation of our proposed Data Verifier
over mainstream baselines, and the ablation study
in Tab. 2 validates the effectiveness of this proxy
reward, it still serves as an approximation and can-
not provide an absolutely precise or perfectly lin-
ear reward signal in all scenarios. In this work, the
Data Verifier serves as an efficient, learnable re-
ward signal for optimizing data recipe generation.
Furthermore, from an evaluation perspective, the
Data Verifier Score (DVS) allows us to assess gen-
eration stability across multiple candidate recipes
(analogous to a pass rate or success rate), provid-
ing a crucial supplementary metric to the heavy
Downstream Benchmark Score (DBS). A promis-
ing direction for future work involves developing
more precise and robust data evaluators. Such eval-
uators would provide higher-resolution reward sig-
nals and further alleviate the high costs associated
with traditional model evaluation.
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Prompt for Data Recipe Generation (Natural Language)

# Task Description

{{ task_description }}

# Benchmark

## {{ benchmark.name }}

{{ benchmark.description }}

# Available Hugging Face Training Datasets

{% for item in datasets -%}

## {{ item.dataset_id }}

{{ item.examples }}

{% endfor -%}

Based on the Task Description, the target Benchmark, and the Available Hugging Face Training Datasets, design
a feasible Data Processing Plan. This plan must include: (1) **Data Selection**: Identify the most suitable raw
datasets from the available list. (2) **Data Processing Workflow**: Define the pipeline to transform selected raw data
into high-quality SFT training data.

The plan will serve as a blueprint for code generation and data production. Ensure it is comprehensive, actionable, and
free from ambiguous or vague statements.

A high-quality SFT dataset must exhibit the following attributes:

* High Quality: Accurate samples free from noise.

 Diversity: Coverage of varied instructions and objectives.

* Relevance: Strong alignment with the target vertical domain.

Important Constraints & Guidelines:

* Source Selection: strictly select datasets provided in the context. Prioritize those with complete metadata and clear
field definitions. Strictly prohibit data contamination: DO NOT use benchmark data for training. Do not

hallucinate datasets, splits, or configurations not provided in the context.

* Grounding: Base the processing workflow solely on the actual fields and content of the selected datasets. Do not
make assumptions about data fields that do not exist.

» Context: Ensure inputs and outputs form coherent Q&A turns. If the output relies on specific context (e.g., a
document or snippet) within the data, design the workflow to explicitly embed this context into the input.

* Format Alignment: If the benchmark requires specific formats (e.g., multiple-choice, JSON output), ensure the
constructed training data aligns with these requirements.

* Final Output Format: The pipeline must produce data in the following standard dialogue format:
{"dialogs": [{"role": "user", "content”: "..."}, {"role": "assistant”, "content”: "..."}]}

* LLM Utilization: Flexibly leverage LLM inference capabilities for tasks such as: extracting instructions from
heterogeneous documents, data augmentation/synthesis, and quality verification. Clearly specify the prompt design
strategies for these steps.

Output Format: Generate the plan strictly in the following format (do not include preamble or additional text):
## Training Data

L

{"dataset_id": "target_id", "split": "target_split”, "name": "config_name”, "sample_num”: "int",
"reason”: "justification"},

1

## Data Processing Workflow
[Detailed Data Processing Workflow description]

Figure 7: Prompt used for data recipe generation (Natural Language).
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Prompt for Data Recipe Generation (Executable Code)

# Available Hugging Face Training Datasets

{% for item in datasets -%}

## {{ item.dataset_id }}

{{ item.examples }}

{% endfor -%}

# Data Processing Plan

{{ plan }}

# Tool Information

{{ tool_info }}

Based on the Available Hugging Face Training Datasets, the Data Processing Plan, and the Tool Information, generate
the executable **Data Processing Script®*.

To validate the correctness of the processing, also generate a corresponding ** Verification Script**.
Important Notes & Constraints:

* Implementation Logic: The script must clearly implement the processing rationale and utilize tools correctly.

* Verification Scope: The verification script should validate that the generated data matches expectations and confirm
the effectiveness of core processing steps.

* Target Format: The final data must follow the ShareGPT format:
{’dialogs’: [’role’: ’user’, ’content’: ’...’, ’role’: ’assistant’, ’content’: ’...’]1}. Use the
format_to_sharegpt utility (import from aidp).

* Output Directory: Save the processed data to the data/processed/ directory.

Output Format: Generate exactly two Python code blocks in the following format, without any additional text:
““python

# data-processing code block

“‘python

# test code block

“e

Figure 8: Prompt used for data recipe generation (Executable Code).
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Prompt for Data Verifier

As a grading expert, your task is to determine whether the candidate’s response matches the question and to assess the
sample’s usefulness for the specified task. Follow these evaluation guidelines precisely:
Evaluation Protocol:
1. Validity Check:
* Reject questions that are: INCOMPLETE (cut off), REPETITIVE (loops), or NOT_ENOUGH_INFO.
* Reject answers that are: INCOMPLETE, REPETITIVE, REFUSAL (e.g., "I cannot answer..."), or IRRELEVANT.
* Action: Classify as \boxed{A} and specify the reason (e.g., \boxed{A} - INCOMPLETE).
2. Format Check:
* Ensure the answer follows any explicit output-format requirements (e.g., single choice, JSON schema).
* If no explicit format is required, pass.
* Action: If violated, classify as \boxed{B} - FORMAT_ERROR.
3. Correctness Check:
* Re-generate a concise reference answer and compare it with the candidate’s final answer.
 For multi-part questions, require all parts to be correct; partial correctness — Fail.
* Action: If mismatched, classify as \boxed{C} - INCORRECT.
4. Task-Alignment Check (Training-Suitability):
* Evaluate if the sample (Q+A) is useful for training the specified task.
* Scope Fit: Targets the capabilities the task trains.
* I/0 Contract Impact:
— Beneficial/Benign (ALIGN): Mild deviations that still teach the target mapping (e.g., adding a brief rationale where
not strictly forbidden).
— Fatal Mismatch (MISMATCH): Conflicts likely to cause inference failure (e.g., task requires JSON but sample
invents schema; task requires single letter but sample gives long essay without choice).
e Action: If harmful noise or fatal /O mismatch — \boxed{D} - TASK_MISMATCH. Else — \boxed{E} - PASS.
Grading Scale:
e \boxed{A} - INVALID: Fails validity criteria.
* \boxed{B} - FORMAT_ERROR: Fails format check.
e \boxed{C} - INCORRECT: Deviates from reference answer.
* \boxed{D} - TASK_MISMATCH: Fails task-alignment check.
* \boxed{E} - PASS: Passes all checks.
Execution Steps:
1. Thoroughly evaluate validity, format, correctness, and task-alignment step-by-step.
2. If any check fails, immediately assign the corresponding grade.
Input Data:
<Task Description Begin>
{{ task_description }}
<Task Description End>
<Original Question Begin>
{{ question }}
<Original Question End>
<Original Answer Begin>
{{ llm_response } }
<Original Answer End>
Output Format: Analysis step by step: [...]
Final Judgment: \boxed{GRADE} - REASON

Figure 9: Prompt used for Data Verifier.
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LiveCodeBench

OpenFinData

CHID

AIME

Data Sample

{"dialogs": [{"content": "A high-energy electron travels towards a stationary proton with a speed
of 0.95c. What is the proton's kinetic energy after the electron scatters off it at an angle of 30
degrees relative to the original path of the electron?", "role": "user"}, {"content": "To solve
this problem, we will use the conservation of momentum and relativistic energy. Let's denote the
initial momentum of the electron as p_ei and the final momentum of the electron as p_ef. Similarly,
let's denote the initial momentum of the proton as p_pi and the final momentum of the proton as
p_pf. The initial momentum of the proton is zero since it is stationary.\n\nFirst, we need to find
the initial energy and momentum of the electron. The relativistic energy-momentum relation is
given by:\n\nE*2 = (mkc~2)~2 + (pkc)~2\n\nwhere E is the total energy, m is the mass, c is the
speed of light, and p is the momentum. For the electron, we have:\n\nm_e = 9.11 % 10°-31 kg (mass
of electron)\nv_e = 0.95c (speed of electron)\nc = 3 x 1078 m/s (speed of light)\n\nThe
relativistic momentum of the electron can be calculated using the formula:\n\np = m#v / sqrt(1 -
(v/€)*2)\n\np_ei = m_e x v_e / sqrt(1 - (v_e/c)*2)\n\nNow, let's consider the final momenta of the
electron and proton after scattering. We know that the momentum is conserved, so:\n\np_ei = p_ef +
p_pf\n\nThe angle between the final momentum of the electron and the initial momentum is 3@
degrees. We can break the final momentum of the electron into components:\n\np_ef_x = p_ef *
cos(30)\np_ef_y = p_ef * sin(30)\n\nThe final momentum of the proton will also have x and y
components:\n\np_pf_x = p_pf * cos(theta)\np_pf_y = p_pf * sin(theta)\n\nFrom the conservation of
momentum in the x and y directions, we have:\n\np_ei = p_ef_x + p_pf_x\n@ = p_ef_y + p_pf_y\n\nNow
we have two equations with two unknowns (p_ef and p_pf). We can solve these equations
simultaneously to find the final momentum of the proton. Once we have the final momentum of the
proton, we can find its final kinetic energy using the relativistic energy-momentum
relation:\n\nE_pf~2 = (m_p*c~2)~2 + (p_pfxc)~2\n\nwhere m_p is the mass of the proton (1.67 % 10~-
27 kg). The kinetic energy of the proton is then:\n\nK_p = E_pf - m_pxc"2\n\nBy solving the system
of equations and calculating the final kinetic energy of the proton, we can find the answer to the
problem.", "role": "assistant"}]}

{"dialogs": [{"content": "Please draft a Python code snippet encompassing no more than five
lines of code, that not only identifies but also exhibits the first eight prime numbers. Your
code must adhere to the concept of prime numbers and provide the eight initial instances

essentially.”, "role": "user"}, {"content": "Here's a solution in Python:\m\n’''python\nprimes =
[I\nn = 2\nuhile len(prines) <'8:\n if all(n % p >0 for p in primes): primes.append(n)\n n +=
1\nprint(primes)\n" """, "role": "assistant"}1}

{"dialogs": [{"content": "You are a financial sentiment analysis expert. Your task is to analyze
the sentlment expressed in the given financial text.Only reply with positive, neutral, or
negative.”, "role": "system"}, {"content": "Ripple Effects Intron Health analyst Naresh Chouhan
sees several reasons for more upside.", "role": "user"}, {"content": "negative", "role"
“assistant"}]}

{"dialogs": [{"content": "Hi can you describe the music type of Aurora song runaway ", "role":
“user"}, {"content": "Aurora's song \"Runaway\" is a track from the Norwegian singer-
songuriter's debut studio album \"ALL My Demons Greeting Me as a Friend,\" which was released in
2016. "role": "assistant"}]}

{"dialogs": [{"content": "Let $x,$ $y,$ $z$ be real numbers, all greater than 3, so

that\n\\ [\\frac{(x + 2)"2Hy + z = 2} + \\frac{(y + 4)"2}{z + x = X + \\frac{(z + 6)"2Hx +y -
6} = 36.\\lEnter the ordered triple $(x,y,z).$\nIf we know the answer to the above question is
(10,8,6), what is the value of unknown variable X?", "role": "user"}, {"content": "We are given
an equation involving the variables $x,$ $y,$ and $z,$ and we need to find the value of
$X$.\nThe equation is:\m\\[\\frac{(x + 2)"2Hy + z - 2} + \\frac{(y + 4)"2Hz + x - X} +
\\frac{(z + 6)*2}{x + y - 6} = 36.\\I\nWe are given that the solution to this equatiun is
$(x,y,z) = (10,8,6)$.\nWe can substitute these values into the equation and solve fo
$X$:\M\\[\\frac{(10 + 2)*2}{8 + 6 - 2} + \\frac{(8 + 4)"~2}{6 + 10 - X} + \\frac{(ﬁ + aiAz}{lo +
8 - 6} = 36.\\]\nSimplifying, we have:\m\[\\frac{12°2}{12} + \\frac{1272}{16 - X}
\\frac{12°2}{12} = 36.\\1\nSimplifying further, we get:\n\\[12 + \\frac{144}{16 - x) +12 =
36.\\]\nCombining like terms, we have:\n\\[\\frac{144}{16 - X} = 12.\\1\nTo solve for $Xs, we
can multiply both sides of the equation by $16 - X$:\m\\[144 = 12(16 - X).\\]\nSimplifying, we
get:\n\\[144 = 192 - 12X.\\]\nSubtracting 192 from both sides of the equation, we find:\n\\[-48
= -12X.\\]\nDividing both sides of the equation by $-12$, we get:\nm\\[4 = X.\\]\nThe value of X
is 4.\nThe answer is: 4", "role": "assistant"}]}

D —

DataVerifier
A - Incomplete
B — Format Error

Incorrect

Mismatch

Pass

Figure 10: Case study of the Data Verifier.
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Clarification

1. The given information
alone does not uniquely
determine the proton’s final
kinetic energy. Additional
assumptions are required,
such as that the scattering
is elastic.

2. The proposed response
does not actually calculate
Kp.

The response did not
strictly output only code.

“More upside” clearly
indicates a positive
sentiment, so labeling it
as “negative” is incorrect.

The task is related to
Chinese idioms, so this
data is a mismatch.

It passes all checks.




# data-processing code block

(O S T

# 1. Load stackexchange_earthscience
6 stack_ds = load_remote_dataset(

7 "mlfoundations-dev/stackexchange_earthscience”,
8 name="default",
9 split="train",

10 shuffle=False
1)

13 # 1.1 Use LLM to convert Open QA into 4-option Multiple Choice Questions

14 SYSTEM_PROMPT_STACK = """

15 You are a science tutor.

16 Convert the given open QA pair into a 4-option multiple-choice question.

17 Return JSON only:

18 {"question”: "<original question>", "A": "<option A>", "B": "<option B>", "C":
<option C>", "D": "<option D>", "answer": "<correct letter>"}

19 The correct answer must be one of the four options. Distractors should be
scientifically plausible but wrong.

"

nonon
20

2» def stack_parser(response: str, raw: dict) -> list:

23 parsed = extract_json(response)

24 if not parsed or "answer” not in parsed:

25 return []

26 opts = f"A) {parsed['A'J}\nB) {parsed['B']1}\nC) {parsed['C'I}\nD) {parsed['D
137

27 user = f"Question: {parsed['question']}\nOptions:\n{opts}”

28 assistant = parsed[”answer”].lower ()

29 return [{"user”: user, "assistant”: assistant}]

30

31 stack_mc = generate_dataset_with_11m(

32 stack_ds,

33 system_prompt=SYSTEM_PROMPT_STACK ,

34 response_parser=stack_parser

35 )

Generated Data Recipe Code (ClimaQA Case Study Part I)
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# 2. Load ScienceQA_text_only
sciga_ds = load_remote_dataset(
"tasksource/ScienceQA_text_only",
name="default",
split="train",
shuffle=False

# 2.1 Filter for climate-related topics
def climate_filter (sample):
txt = (sample.get("category”, "") +

return any(k in txt for k in ("climate”,

environment”))

sciqga_climate = select_by_filter(sciqga_ds,

# 2.2 Standardize format
def sciga_map(sample):
choices = sample["choices"]

opts = "\n".join([f"{chr(65+i)3}) {c}"
user = f"Question: {sample['question']}\nOptions:\n{opts}”

n

for i, c

assistant = chr (65 + sample["answer”])
return {"user"”: user, "assistant”: assistant}
sciqga_mc = sciqa_climate.map(sciga_map,

column_names)

# 3. Merge & Deduplicate

merged = concatenate_datasets([stack_mc,
deduped = deduplicate_by_text_hash(
merged ,

text_map=lambda x: x["user”"],
lowercase=True,
ignore_non_character=True

)

# 4. Convert to ShareGPT format
sharegpt_ds = format_to_sharegpt(
deduped,
user_map=lambda x: x["user”"],

remove_columns=sciga_climate.

sciqga_mc])

assistant_map=lambda x: x["assistant"]

)

# 5. Save output

dump_dataset (sharegpt_ds, "data/processed/train_climaga_style. jsonl")

""Y).lower ()
"atmosphere”,

+ sample.get("topic”,
"weather",

climate_filter)

in enumerate(choices)])

Generated Data Recipe Code (ClimaQA Case Study Part II)

Figure 11: Case study of data recipe generation.
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Figure 12: Complete results for correlation analysis.
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