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ABSTRACT

Data curation frameworks like DataChef rely on LLM-as-a-judge verifiers to score
training instances, but these verifiers are expensive and their rubric-based quality
assessments may not correlate with downstream model performance. We investi-
gate whether LLM rubric scores predict which datasets lead to better fine-tuned
models, and propose Tool-Gated Residual Distillation as a lightweight alter-
native. Our approach factorizes the verification task: deterministic tool gating
handles structural failures (empty responses, repetition), while a small distilled
student model (Qwen2.5-1.5B with LoRA) learns a 3-way semantic classifica-
tion from teacher labels. On two held-out tasks from DataChef (LiveCodeBench,
OpenFinData), Tool+Distilled achieves average Spearman ρ = 0.771 correlation
with downstream benchmark scores, compared to ρ = −0.405 for LLM-only
baselines—a 1.18-point improvement. Critically, our method achieves zero top-1
regret (always selecting the ground-truth best dataset) while requiring zero teacher
API calls at inference, eliminating the 2.56M tokens required by LLM-based ap-
proaches.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Data-centric approaches to LLM post-training have demonstrated that the quality and composition
of training data significantly impact model performance (Liu et al., 2023a; Chen & Mueller, 2024).
Frameworks like DataChef (Chen et al., 2026) leverage LLM-as-a-judge verifiers (Zheng et al.,
2023; Liu et al., 2023b) to score training instances according to rubric-based quality criteria, us-
ing these scores to guide data selection and weighting. However, this approach faces two critical
challenges: (1) LLM verifiers are expensive, requiring millions of API tokens to score candidate
datasets, and (2) it remains unclear whether rubric-based quality assessments actually predict down-
stream model performance.

We investigate this second challenge empirically and find a surprising result: teacher LLM rubric
scores anti-correlate with downstream benchmark performance. Across two held-out tasks from
DataChef, the LLM-only verifier achieves average Spearman ρ = −0.405, meaning datasets rated
higher by the rubric tend to produce worse fine-tuned models. This finding challenges the assump-
tion underlying rubric-based data curation and motivates the search for alternative verification ap-
proaches.

We propose Tool-Gated Residual Distillation, a method that replaces expensive LLM verifiers
with a lightweight distilled model while dramatically improving correlation with downstream per-
formance. Our key insight is to factorize the verification task: deterministic tool gating handles
structural failures, while a small student model learns a simplified semantic classification from
teacher labels. Surprisingly, despite significant divergence from teacher predictions, the distilled
student produces dataset rankings that correlate far better with downstream benchmark scores.

Our contributions are:

1https://gitlab.com/fars-a/datachef-tool-distilled-verifier
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• We demonstrate that LLM rubric scores anti-correlate with downstream performance (ρ =
−0.405), challenging assumptions in rubric-based data curation.

• We propose tool-gated residual distillation, achieving ρ = 0.771 correlation and zero top-1
regret (always selecting the ground-truth best dataset).

• We eliminate inference-time teacher API calls, reducing cost from 2.56M tokens to zero
while improving ranking fidelity.

2 RELATED WORK

2.1 LLM-AS-A-JUDGE

The paradigm of using large language models as evaluators has gained significant traction for as-
sessing text quality and model outputs. Zheng et al. (2023) introduced MT-Bench and demonstrated
that strong LLMs like GPT-4 can serve as effective judges for open-ended generation tasks, achiev-
ing high agreement with human preferences. G-Eval (Liu et al., 2023b) proposed using GPT-4
with chain-of-thought reasoning and form-filling for NLG evaluation, showing improved correla-
tion with human judgments compared to traditional metrics. To reduce reliance on proprietary
models, Prometheus 2 (Kim et al., 2024) developed open-source evaluator LMs capable of both
direct assessment and pairwise ranking with custom evaluation criteria. JudgeLM (Zhu et al., 2023)
demonstrated that fine-tuned LLMs can serve as scalable judges when trained on diverse evalua-
tion data. Recent work has extended this paradigm to agentic settings, where judges can leverage
external tools for verification (You et al., 2026; Xu et al., 2025). However, a critical limitation of
LLM-as-a-judge approaches is their computational cost and the assumption that rubric-based quality
assessments correlate with downstream task performance—an assumption we empirically challenge
in this work.

2.2 DATA CURATION FOR LLMS

The quality and composition of training data significantly impact LLM performance, motivating re-
search on automated data curation. Liu et al. (2023a) conducted a comprehensive study of automatic
data selection for instruction tuning, identifying key factors such as diversity, complexity, and quality
that influence alignment outcomes. Chen & Mueller (2024) proposed automated methods for detect-
ing and filtering low-quality training instances to improve fine-tuning robustness. DataChef (Chen
et al., 2026) introduced a reinforcement learning framework that optimizes data recipes by learning
to select and weight training instances based on verifier feedback. OpenDataArena (Cai et al., 2025)
established benchmarks for evaluating post-training dataset value, enabling fair comparison of data
curation strategies. These approaches typically rely on LLM-based verifiers to assess instance qual-
ity, creating a dependency on expensive API calls. Our work addresses this limitation by distilling
the verifier into a lightweight model that eliminates inference-time costs while improving correlation
with downstream performance.

2.3 TOOL-AUGMENTED VERIFICATION AND KNOWLEDGE DISTILLATION

Tool-augmented approaches have emerged as a promising direction for improving verification re-
liability. CoSineVerifier (Feng et al., 2025) leverages computational tools to verify answers for
scientific questions, demonstrating that deterministic tool outputs can complement LLM judgments.
xVerify (Chen et al., 2025) developed efficient answer verifiers for reasoning model evaluations
by combining rule-based checks with learned components. In the domain of reward modeling,
Skywork-Reward (Liu et al., 2024) explored various techniques for training effective reward mod-
els, while Zhang et al. (2025) investigated rubric-based reward modeling for LLM post-training.
For efficient model adaptation, LoRA (Hu et al., 2021) introduced low-rank adaptation that enables
parameter-efficient fine-tuning of large models. Our approach combines these threads by using de-
terministic tool gating to handle structural failures while distilling a small LoRA-adapted student
model for semantic classification, achieving both efficiency and improved downstream correlation.
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Figure 1: Overview of Tool-Gated Residual Distillation. The training phase (top) uses deterministic
tool gating to identify structural failures, while a teacher LLM labels remaining instances for 3-way
classification. The student model is distilled on this factorized rubric. The inference phase (bottom)
applies tool gating first, then uses the distilled student for semantic scoring, requiring zero teacher
API calls.

3 METHOD

3.1 PROBLEM SETUP

We consider the dataset ranking problem in data-centric LLM post-training. Given K candidate
training datasets D1, . . . ,DK for a target task, the goal is to select the dataset that maximizes down-
stream model performance. Following the DataChef framework (Chen et al., 2026), we define the
Downstream Benchmark Score (DBS) as the evaluation metric (e.g., pass@1 for code generation,
accuracy for QA) obtained after fine-tuning a base model on a candidate dataset.

A verifier produces a Dataset Value Score (DVS) for each candidate by scoring sampled train-
ing instances and aggregating them. The verifier’s utility is measured by how well DVS rankings
correlate with DBS rankings—a verifier with high ranking fidelity enables practitioners to select
high-quality datasets without expensive downstream evaluation.

3.2 TOOL-GATED RESIDUAL DISTILLATION

We propose Tool-Gated Residual Distillation, a method that factorizes the rubric-based verification
task into two components: deterministic tool gating for structural failures and a distilled student
model for semantic classification. Figure 1 illustrates the overall framework.

3.2.1 TRAINING PHASE

The training phase consists of three steps that prepare the distilled student model.

Step 1: Deterministic Tool Gating. DataChef training instances follow a chat-style format with
instruction-response pairs. We apply deterministic checks to identify structural failures that corre-
spond to zero-score rubric categories: (1) Schema validation: verifying JSON structure, required
message keys, and valid role assignments; (2) Empty response detection: flagging instances with
empty or extremely short assistant responses; (3) Repetition detection: identifying severe n-gram
repetition patterns. Instances failing any gate are automatically labeled as negatives (score 0) with-
out requiring teacher LLM calls, providing free training signal.
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Step 2: Teacher Labeling. For instances passing the tool gate, we query a teacher LLM (gpt-4.1)
with the DataChef rubric to obtain 3-way classification labels: PASS (high-quality, task-relevant),
INCORRECT (factually wrong or low-quality), and TASK MISMATCH (semantically irrelevant to
the target task). This factorization reduces the original 5-way rubric to a simpler 3-way classifica-
tion by separating structural failures (handled by gating) from semantic judgments (handled by the
student).

Step 3: Student Distillation. We train a student model (Qwen2.5-1.5B-Instruct (Yang et al., 2024)
with LoRA (Hu et al., 2021)) on the combined training data: gate-fail instances with automatic zero
labels and gate-pass instances with teacher labels. The student is trained with cross-entropy loss for
3-way classification.

3.2.2 INFERENCE PHASE

At inference time, the distilled verifier scores candidate datasets without any teacher LLM calls. For
each candidate dataset Dk, we sample m instances and process them through the two-stage pipeline:
(1) apply deterministic tool gating—instances failing any gate receive score 0; (2) for gate-pass
instances, the distilled student predicts one of three classes (INCORRECT, TASK MISMATCH,
PASS).

3.2.3 SCORE AGGREGATION

Instance predictions are mapped to scalar scores via a learned score map: INCORRECT 7→ 0,
TASK MISMATCH 7→ 0.35, PASS 7→ 0.05. The Dataset Value Score is computed as the mean
instance score:

DVS(Dk) =
1

m

m∑
i=1

s(xi) (1)

where s(xi) is the score for instance xi. Candidate datasets are ranked by DVS, with higher scores
indicating higher predicted quality. The score map was optimized to maximize correlation with
downstream benchmark scores on a held-out validation set.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate verifiers on their ability to rank candidate training datasets by predicting downstream
fine-tuning performance.

Tasks and Datasets. We use two held-out tasks from the DataChef framework (Chen et al., 2026):
LiveCodeBench v6 (Jain et al., 2024) for code generation (pass@1 metric) and OpenFinData for
financial question answering (accuracy metric). For each task, we construct K = 8 candidate
datasets using DataChef’s data recipe generation protocol, sampling m = 128 instances per dataset
for verifier scoring.

Ground Truth. To establish ground-truth dataset rankings, we fine-tune a downstream model
(Qwen3-1.7B-Base with LoRA) on each candidate dataset and evaluate on the target benchmark.
We run 3 seeds per dataset (48 total fine-tuning runs) and use the mean benchmark score as the
Downstream Benchmark Score (DBS).

Models. The teacher LLM is gpt-4.1, used for baseline scoring and generating distillation labels.
The student model is Qwen2.5-1.5B-Instruct (Yang et al., 2024) with LoRA (Hu et al., 2021)
(rank=64, all linear targets), trained on approximately 84k instances with class-weighted cross-
entropy loss.

Baselines. We compare three verifier configurations: (1) LLM-only: teacher LLM scores all in-
stances using the 5-way DataChef rubric; (2) Tool+LLM: deterministic gating followed by teacher
LLM for gate-pass instances; (3) Tool+Distilled (ours): deterministic gating followed by the dis-
tilled student model.
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Table 1: Main results comparing verifier methods on ranking fidelity and dataset selection quality.
Spearman ρ and Kendall τ measure correlation with ground-truth downstream benchmark scores
(DBS). Pairwise Acc. measures the fraction of correctly ordered dataset pairs. Top-1 Regret mea-
sures the gap between the selected dataset’s DBS and the ground-truth best. Bold indicates best
per column. Tool+Distilled achieves strong positive correlation and zero regret while requiring zero
teacher API calls at inference.

LiveCodeBench v6 OpenFinData
Method ρ τ Pair Acc. Regret ρ τ Pair Acc. Regret

LLM-only −0.762 −0.571 0.214 0.029 −0.048 0.071 0.536 2.90
Tool+LLM −0.762 −0.571 0.214 0.029 −0.048 0.071 0.536 2.90
Tool+Distilled 0.667 0.500 0.750 0.000 0.874 0.764 0.857 0.000

Table 2: Ablation study comparing rubric factorization strategies. Tool+Distilled uses 3-way clas-
sification with tool gating handling structural failures. Distill w/o Gating uses 5-way classification
without factorization. Bold indicates best per column. Rubric factorization improves average Spear-
man ρ by 0.85 points.

LiveCodeBench v6 OpenFinData
Method ρ τ Regret ρ τ Regret

Tool+Distilled (3-way) 0.667 0.500 0.000 0.874 0.764 0.000
Distill w/o Gating (5-way) −0.874 −0.691 0.029 0.724 0.617 1.70

Metrics. We evaluate ranking fidelity using Spearman ρ and Kendall τ correlation between verifier
DVS and ground-truth DBS. We also report pairwise accuracy (fraction of correctly ordered dataset
pairs) and top-1 regret (gap between selected dataset’s DBS and the ground-truth best).

4.2 MAIN RESULTS

Table 1 presents the main comparison of verifier methods on ranking fidelity and dataset selection
quality.

Tool+Distilled achieves an average Spearman ρ of 0.771 across both tasks, compared to −0.405
for both LLM-only and Tool+LLM baselines—a 1.18-point improvement in correlation with down-
stream performance. On LiveCodeBench, Tool+Distilled reverses the negative correlation (ρ =
−0.762 → 0.667), while on OpenFinData it achieves strong positive correlation (ρ = 0.874). Criti-
cally, Tool+Distilled achieves zero top-1 regret on both tasks, correctly identifying the ground-truth
best dataset in each case.

The identical performance of LLM-only and Tool+LLM baselines reveals that deterministic gating
alone has minimal impact: gate coverage is only 0.25% of instances, meaning nearly all instances
pass through to the LLM judge. This confirms that the performance gains come from the distilled
student model, not from filtering via tool gating. The key benefit of gating is in simplifying the
distillation task by factorizing the rubric, not in directly filtering instances.

From a cost perspective, Tool+Distilled requires zero teacher API calls at inference time, eliminating
the approximately 2.56M tokens required by LLM-based approaches. After a one-time distillation
investment, the verifier can score unlimited datasets at near-zero marginal cost.

4.3 ABLATION: RUBRIC FACTORIZATION

Table 2 compares Tool+Distilled (3-way classification with tool gating) against a variant that directly
distills the full 5-way rubric without factorization.

Rubric factorization dramatically improves performance. On LiveCodeBench, the 5-way variant
produces strongly negative correlation (ρ = −0.874), while the factorized 3-way approach achieves
positive correlation (ρ = 0.667)—a 1.54-point swing. On OpenFinData, both methods achieve pos-
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itive correlation, but factorization still improves ρ by 0.15 points (0.724 → 0.874). Critically, only
the factorized approach achieves zero regret on both tasks. The 5-way approach shows inconsistent
behavior across tasks, suggesting that the full rubric is too complex for the student to learn reliably,
while the factorized 3-way task is more tractable.

4.4 ANALYSIS: WHY DISTILLATION WORKS

A surprising finding emerges from instance-level analysis: the distilled student agrees with the
teacher on only 44% of gate-pass instances, yet produces dataset rankings that correlate far bet-
ter with downstream performance. Examining the disagreement patterns reveals that the student is
a systematic under-scorer—79% of disagreements (894 of 1,133) occur when the student predicts
INCORRECT while the teacher assigns PASS. This conservative behavior means the student rejects
many instances the teacher would accept.

We hypothesize that this “imperfect” distillation creates a transformed scoring signal that corrects
systematic biases in teacher judgments. The teacher’s rubric-based assessments may reward surface-
level quality features (fluency, format compliance) that do not predict downstream fine-tuning utility.
By learning a compressed representation of the teacher’s judgments, the student may inadvertently
filter out these misleading signals while preserving features that genuinely correlate with down-
stream performance.

The role of tool gating in this process is subtle. With only 0.25% coverage, gating contributes min-
imally to direct instance filtering. Instead, its primary value lies in simplifying the distillation task:
by factorizing structural failures (INCORRECT, TASK MISMATCH) into a separate determinis-
tic pathway, the student need only learn a 3-way semantic classification rather than the full 5-way
rubric. This reduced complexity appears critical—the 5-way variant without factorization fails to
learn a useful signal (Table 2).

5 CONCLUSION

We presented tool-gated residual distillation, a method for replacing expensive LLM verifiers in data
curation frameworks. Our key finding is that factorizing the rubric—separating structural failures
(handled by deterministic gating) from semantic judgments (handled by a distilled student)—enables
effective distillation even when the student diverges significantly from teacher labels. The resulting
verifier achieves strong correlation with downstream performance (ρ = 0.771) and zero top-1 regret
while eliminating inference-time API costs. Future work could explore whether similar factorization
strategies improve distillation in other LLM-as-a-judge applications.
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