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Abstract

LLM-as-a-judge has become the standard for automated evaluation, but it suffers from high cost, significant latency,
and opaque decisions—limitations that undermine its scalability and reliability. We address these with a simple, efficient
alternative: program distillation. Instead of prompting an LLM at the evaluation time, we distill its decision logic into a
committee of programs that score candidates directly. These programmatic judges offer transparency, are easily inspected
or edited, and eliminate per-sample API costs. Building on this notion, we introduce PAJAMA, a system that synthesizes
programs as judges, aggregates their decisions into a joint verdict, and incorporates a fallback mechanism to selectively
escalate low-confidence cases to an LLM. Across five datasets and four model families, we show that programmatic judges
can match the performance of a 13B-size LLM judge. When using program outputs as routing signals, PAJAMA improves
both accuracy and throughput and advances the Pareto frontier. Beyond evaluation, programmatic judges produce cheap and
effective reward signals: on RewardBench, a reward model distilled from programs’ verdicts outperforms one trained on a
proprietary LLM’s labels at two orders of magnitude lower API cost.

1 Introduction

The LLM-as-a-judge paradigm is a core building block of modern machine learning pipelines [1; 2]. For example, LLM judges
perform pairwise preference labeling [3; 4; 5], supply signals for reward model distillation [6; 7; 8], and score rubric criteria
to provide feedback in reinforcement learning [9; 10; 11]. However, as LLM-as-a-judge systems become ever more prominent,
the fundamental drawbacks of this approach have become increasingly difficult to ignore.

We identify four key challenges that limit the scalability and reliability of LLM judges:

• Inference Cost. When using proprietary models such as GPT-5 [12] or Gemini-3-Pro [13] in the loop, scaling evaluation
to millions of samples yields prohibitive API spending [14]. Open-weight deployments avoid this API bill but remain
expensive in terms of latency and GPU demand.

• Opaque Logic. While LLMs can produce justifications, their internal decision process is opaque. It is hard to verify whether
a verdict relies on the stated rationale or is a product of hallucination [15; 16].

• Systemic Bias. LLM judges are sensitive to stylistic biases, favoring verbosity, rich formatting, or emotionally charged
language—all of which undermine reliability [17; 18; 19; 20; 21].

• Re-inference Tax. Current prompting pipelines are inflexible. Revising a single rubric criterion requires re-running inference
over the entire dataset, incurring redundant costs and wasted cycles.

*Equal Contribution. Corresponding Authors: <thuang273, sqiu53>@wisc.edu
1Our source code is available here. Project page and our demonstration can be found in https://sprocketlab.github.io/PAJAMA/.
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Figure 1: An example of synthesizing programmatic judges. Given a synthesis prompt (top-left), an LLM generates a
Python judging_function that articulates an evaluation rubric—for example, logical coherence—using interpretable
features such as semantic drift via TF-vector cosine similarity or topic consistency across discourse segments. These features
are combined into a weighted score, with explicit penalties for contradiction and truncation, where the weights are determined
by the LLM itself. This yields a transparent, program-based evaluator distilled directly from an LLM’s reasoning.

In this work, we address these obstacles by shifting from model-based inference to synthesized program execution. Instead
of asking an LLM to assess each candidate repeatedly, we ask it to generate the judging logic it would apply, and convert
that logic into an executable program. In other words, the LLM is now asked once at synthesis time, a one-time investment.
Afterwards, we can invoke programs locally to produce verdicts on every candidate.

This strategy offers three immediate advantages. First, API costs now scale with the number of generated programs (tiny) rather
than the size of the dataset (often huge): once synthesized, programs can be stored and reused locally at no additional API cost.
Second, program execution can be orders of magnitude faster than model inference, delivering low-latency decisions. Third,
programs are interpretable: practitioners can inspect each line, refine the judging logic, or inject domain knowledge—turning
a model-based assessment into a transparent, and potentially formally verifiable process.

However, programmatic judging introduces its own challenges. First, a single program rarely generalizes to every input.
Second, even with multiple programs, naïve synthesis tends to yield repetitive logic. Third, programs generated from different
rubrics produce scores at different scales and are noisy. We address these with PAJAMA (Program-As-a-Judge Automated
Model Assessment), a system aimed at overcoming these challenges. PAJAMA is built on three components: (i) a curated
set of evaluation rubrics—each expressible as code—to steer synthesis using diverse decision rules; (ii) a modeling step that
calibrates program outputs and resolves their conflicts into a joint verdict, and (iii) a confidence-aware fallback that routes
uncertain samples to an LLM judge, yielding a hybrid evaluation system that is both fast and accurate.

We validate PAJAMA on five preference datasets across four model families. We show that standalone programmatic judges
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are able to match the accuracy of OLMO-2-13B-INSTRUCT [22] while running 47.25× faster. Using a confidence-aware
router to combine with LLMs, PAJAMA advances the accuracy–throughput Pareto frontier: for example, paired with OLMO-
2-7B-INSTRUCT, it improves +5.0% accuracy at 2.9× throughput, and +2.6% over QWEN2.5-3B-INSTRUCT [23] at 2.2×
throughput. On REWARDBENCH [24], a reward model distilled from programmatic judges’ labels outperforms one trained
on a proprietary LLM’s preferences at 50× lower API cost—with zero proprietary calls at evaluation time. Finally, we show
that program-based evaluation is robust to biased samples, and pairing it with a coding agent for iterative program calibration
improves its robustness further.

We summarize our contributions as follows:

• A New Evaluation Paradigm. We distill LLM judging logic into a committee of executable programs, replacing per-sample
model inference with a one-time program synthesis and local program execution.

• The PAJAMA System. We introduce PAJAMA, a hybrid evaluation system that synthesizes diverse programmatic judges,
calibrates and aggregates their verdicts, then employs an efficient router to escalate uncertain cases to LLM fallbacks.

• Advancing the Pareto Frontier. Across four model families, PAJAMA matches strong LLMs at a fraction of the cost and
pushes the accuracy–throughput Pareto frontier.

• Cheap, High-Quality Reward Signals. Reward models distilled from programmatic judges outperform those trained on
proprietary LLM-produced labels on REWARDBENCH, at 50× lower cost.

2 Related Work

Our work sits at the intersection of three threads: (i) automated evaluation, (ii) weak supervision, and (iii) routing strategies.

Automated Evaluation. One of the key breakthroughs of LLMs is their ability to replace or augment human annotators in
providing automated evaluations [1; 2]. Prior work has demonstrated that LLM judges produce reliable decisions that align with
human preferences across tasks such as ranking, pairwise comparison, and rubric-based scoring [5; 25; 26; 27]. More recent
efforts integrate LLM judges into the post-training pipeline, where their evaluations are used to train reward models [28; 29],
supply feedback for reinforcement learning [9; 10], or fine-tune continually for specialized judge models [3; 4]. While
effective, LLM-based evaluation incurs substantial inference costs and inherits biases from pretraining data and prompt design,
raising concerns about scalability and reliability [17; 18; 19; 30; 21]. To address these limitations, we propose a new direction:
synthesizing programmatic judges that offer low-cost, transparent, and flexible alternatives to model-based evaluation.

Weak Supervision. Weak supervision enables the rapid creation of labeled datasets by aggregating multiple noisy label
estimates [31; 32; 33; 34; 35] from sources such as heuristic rules, domain knowledge, or pretrained models [36; 37]. These es-
timates are typically encoded as labeling functions, whose pseudo-labels are modeled and combined into a single probabilistic
labeling decision. The weak supervision paradigm has demonstrated success across diverse domains [38; 39; 40; 41; 42; 43; 44].
Most prior work focuses on label aggregation to construct classification datasets. Our framework, PAJAMA, adapts it for
a new purpose: modeling the verdicts of programmatic judges to reach a combined evaluation decision.

Routing Strategies. LLM routing systems leverage the complementary strengths of diverse LLMs rather than committing to
a single one [45; 46; 47]. A router directs each query to an appropriate model based on factors such as task difficulty, expected
accuracy, and inference cost [48]. Existing routing strategies can be broadly categorized into model-free approaches—which
rely on heuristics such as nearest-neighbor lookups over similar examples [46]—and model-based approaches, which, for
example, train a classifier (e.g., a fine-tuned BERT) to predict the best model for each query [49; 50; 51]. The former is limited
by the strength of its heuristics, while the latter incurs additional inference latency and labeling costs and depend on the
quality of supervision. In this work, we propose a routing strategy that combines program-based and LLM-based evaluation.
Rather than routing among a pool of LLMs, we reuse internal signals derived from program outputs and escalate uncertain
samples to LLM judges, yielding an efficient, supervision-free fallback mechanism.
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Figure 2: PAJAMA Workflow. Given a query q and two candidate responses r(1),r(2), a diverse pool of programmatic
judges—synthesized by an LLM from curated rubrics—produces initial evaluations. These program outputs are calibrated
and selected, and their verdicts are aggregated into a combined decision. Uncertain cases are then routed to an LLM judge to
produce the final preference.

3 Framework

We begin with an overview of PAJAMA’s workflow, followed by the problem setup in §3.1. §3.2 describes how we distill LLM
evaluation into programmatic judges, and §3.3 discusses how we model their program outputs into a final verdict. Finally,
§3.4 presents a fallback mechanism to handle cases that the programmatic judges cannot cover or are uncertain about.

General Workflow. Figure 2 illustrates the PAJAMA workflow. Given a dataset of queries paired with two candidate responses,
we first prompt an LLM to synthesize Python programs that encode different judging rubrics; varying the prompt and evaluation
criteria yields a diverse pool of programmatic judges. We then calibrate each program’s outputs using a held-out validation set,
select the most effective programs, and aggregate their verdicts into a single preference decision. For inputs that are uncovered
or yield low confidence, an efficient routing mechanism falls back to an LLM judge.

3.1 Problem Setup

We consider user queries and model responses drawn from Σ⋆, the space of free-form text (e.g., all natural language strings).
Let Q⊆Σ⋆ denote the space of queries and R⊆Σ⋆ the space of responses. Given a query q ∈Q and two candidate responses
r(1),r(2) ∈R, generated by the same or different LLMs, our goal is to determine which response is preferred.

3.2 Distilling into Programmatic Judges

Model-based evaluation, i.e., LLM-as-a-judge, incurs high inference costs and offers limited transparency. To address these,
we translate LLM judging logic into programs that assess q, r(1), and r(2) directly. We design a prompt template that instructs
an LLM to synthesize Python functions, which serve as our judges. Each function is asked to take query and response as
direct inputs, returns a scalar score, where a higher value indicates higher quality according to its articulated evaluation logic.
Figure 1 shows a simplified example of our prompt and its generated program.

A naïve synthesis approach often yields repetitive programs. To encourage diversity, we curate a list of ten distinct evaluation
rubrics, each tested and expressible as an executable program. During synthesis, we select one rubric and insert it into the prompt
instruction to guide program generation. We then apply a text-based similarity check that filters out programs whose evaluation
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logic closely matches any already in the pool. We adopt this approach for its simplicity, but note that more sophisticated program
synthesis techniques or customizations can be easily swapped in. Appendix A presents the full prompt and our curated rubrics.

3.3 Modeling Programmatic Judges

Next, we present our modeling procedure for converting program outputs into a reliable verdict.

Program Output Calibration. Once synthesized, each program acts as an independent judge, denoted fj , that scores the
quality of LLM responses. Given a tuple (qi,r

(1)
i ,r

(2)
i ), we execute each program to obtain quality scores s

(1)
ij :=fj(qi,r

(1)
i ) and

s
(2)
ij :=fj(qi,r

(2)
i ). Programs may return scores on different scales. We apply min-max normalization to map each program’s

outputs into [0,1]. Using these normalized scores ŝ
(1)
ij and ŝ

(2)
ij , we compute the quality difference dij := ŝ

(1)
ij −ŝ

(2)
ij ∈ [−1,1],

where positive values indicate a preference for r
(1)
i over r

(2)
i . We then convert this difference into a discrete verdict

vij ∈{−1,0,+1} using a per-program threshold τj ≥0: program j votes vij =+1 if dij >τj , votes vij =−1 if dij <−τj , and
abstains (vij =0) otherwise. This abstention margin allows each program to withhold its vote when its own signal is too weak
to be trusted, improving the reliability of each vote. When a validation set is available, we set τj to the value that maximizes
the program’s accuracy on it (500 examples in our study) and reuse each τj at inference time.1

Top-k Program Selection. Not all synthesized programs are equally reliable. When a validation set is accessible, we can
estimate each program’s accuracy and discard those that score below random chance (50%); from the remaining pool, we
then select the top-k programs by validation accuracy to form the final program committee.

Program Verdict Aggregation. While individual programs produce verdicts efficiently, their outputs are often noisy and
may conflict with one another. At the same time, diverse programs employ different evaluation strategies, each with its own
strengths and blind spots, suggesting that their verdicts carry complementary signal. We therefore aggregate them to improve
reliability and mitigate noise. Specifically, we apply aggregation step in weak supervision literature [31; 32; 33; 34; 35], which
combines noisy votes into higher-quality pseudolabel by using a generative model to estimate each program’s accuracy from
their agreement and disagreement patterns. We collect the top-k programs’ votes on N validation samples into a preference
matrix L ∈ {−1,0,+1}N×k, then apply a standard label model (e.g., from the Snorkel framework [31; 32; 35]) to learn
per-program aggregation weights. These learned weights are then used at inference time to produce the final preference.

3.4 Routing Uncertain Cases

For some inputs, every selected program may abstain (vij =0 for all j), or the aggregator may produce a posterior probability
close to 0.5, indicating that the committee has no confident verdict. To handle these uncertain cases, we use the program-derived
outputs as a routing signal (e.g., vote variance or confidence score) and fall back to an LLM judge. This yields a hybrid system
that combines the best of both worlds: programmatic judges deliver quick verdicts, while uncovered or low-confidence cases
are routed to an LLM judge, trading a small fraction of expensive calls for improved reliability (i.e., evaluation accuracy).

4 Experiments

We empirically evaluate PAJAMA across four different setups, each designed to validate programmatic judges’ benefits.
Through them, we confirm key claims:

C1. Accuracy and Throughput. Programmatic judges match the accuracy of mid-sized LLM judges while delivering
throughput multiple orders of magnitude higher than standard LLM inference.

1A validation set is not strictly required: when unavailable, we simply set τj =0, which reduces the verdict to a direct sign comparison of ŝ
(1)
ij and ŝ

(2)
ij .
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