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Abstract

LLM-as-a-Judge frameworks offer scalable al-
ternatives to human evaluation but inherit the
limitations of text-only reasoning, particularly
in tasks requiring precise computations. We in-
troduce J-ToRL, a framework that trains LLM
judges to leverage computational tools via code
generation through end-to-end reinforcement
learning (RL). Unlike prior approaches rely-
ing on inference-time integration, J-ToRL in-
ternalizes tool-use strategies as part of its pol-
icy, enabling exploration of diverse reasoning
pathways. We identify a key challenge in
applying RL with verifiable rewards to judg-
ment: the coarse reward signals inherent in
multiple-choice verdicts can incentivize short-
cut learning. J-ToRL mitigates this via an aux-
iliary verifiable reward mechanism based on
reference-answers, that enforces stricter crite-
ria beyond simple verdict accuracy alone. With
a sophisticated pairwise comparison dataset
across five domains, J-ToRL-trained LLMs im-
prove the base models, outperform prior judges,
and close the gap to frontier LLMs. Further,
J-ToRL-trained models exhibit beneficial cog-
nitive behaviors such as self-error-recovery and
self-refinement of tool use strategies.

1 Introduction

The deployment of large language models (LLMs)
in complex reasoning tasks has created a need for
scalable evaluation methods that can reliably assess
model outputs when rule-based verification is in-
feasible. While human evaluation remains the gold
standard, its lack of scalability has driven the adop-
tion of automated approaches, particularly LLM-as-
a-Judge frameworks that generate verdicts through
chain-of-thought (CoT) reasoning (Zheng et al.,
2023; Cao et al., 2024; Mahan et al., 2025; Wang
et al., 2024; Yu et al., 2025a; Saha et al., 2025;
Whitehouse et al., 2025; Xu et al., 2025a). Despite
their success, these judge models inherit the lim-
itations of text-only reasoning to perform precise

Find the hypotenuse of a right triangle with legs of 3 and 4.

|©| To find the hypotenuse ...
?A Assistant A uses the formula of %*(a+b) = ¢, and computed the
final answer of 5 correctly. Thus, Assistant A is better.

Let’s calculate them ... m

©

EO‘A To find the hypotenuse of a right triangle, we can use the
Pythagorean theorem. Let’s generate the reference answer first
& by executing python code:
““python
Print ((3**2+44%*%2) *x* (1/2))
“output
5

®)

Assistant A uses the formula of %*(a+b) = ¢ and computed a
final answer of 5 correctly. Let's compute this in python code:
““python

print (3/4* (3+4))

“output

5,29

That seems different with my reference answer. ...

In the end, Assistant B is correct in both using the formula and
computations. Thus, Assistant B is better.

Figure 1: Equipping LLM-as-a-Judge to use coding
tools enables them to conduct better judgments, espe-
cially on tasks that require precise computations.

calculations in tasks requiring precise arithmetic or
symbolic manipulation (Mirzadeh et al., 2025).

Tool-augmented generation addresses this lim-
itation by enabling LLMs to offload precise com-
putations to external tools, making it a promising
solution for judge models (Li et al., 2025b; Feng
et al., 2025). By interleaving tool calls within CoT,
these methods replace error-prone textual approx-
imations with precise external executors such as
code interpreters (see Figure 1). In judgment con-
texts, such tools enable judges to verify intermedi-
ate steps (Setlur et al., 2024) and validate solutions
via test case execution (Zhou et al., 2023).

Recent efforts (Li et al., 2023b; Peng et al., 2025;
Ma et al., 2025) have extended tool-use capabili-
ties to judges at inference-time, and others train
judges with tool-use capabilities: (Li et al., 2024b)
trains a tool-augmented reward model through
supervised fine-tuning (SFT) by constructing a
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high-quality tool-augmented dataset leveraging a
stronger LLLM; and (Xu et al., 2025a) trains a tool-
integrated judge through SFT and reinforcement
learning (RL) through constructing high-quality
tool-augmented trajectories via distillation from
a stronger teacher LLM or via self-bootstrapping.
However, these approaches depend on access to a
stronger teacher model for distillation or substan-
tial annotation effort to curate high-quality tool-
augmented trajectories.

We introduce J-ToRL (Judge with Tool-
Integrated Reinforcement Learning), a framework
that trains LL.M judges to invoke external compu-
tational tools via writing code through end-to-end
RL. J-ToRL enables models to explore diverse rea-
soning pathways to learn a beneficial tool invoca-
tion strategy to enhance judgment accuracy. While
prior work has shown that RL with verifiable re-
wards (RLVR) enables tool-use acquisition through
outcome supervision alone (Li et al., 2025b; Qian
et al., 2025), applying RLVR to LLM-as-a-Judge
reveals a critical tension: judgment labels are struc-
turally equivalent to multiple-choice question an-
swering (QA) with limited output space. Due to the
small label space, a correct verdict can be reached
without sound reasoning, so the resulting reward is
coarse: vastly different trajectories, including those
that exploit spurious correlations, receive identical
rewards, which encourages shortcuts over substan-
tive reasoning (Liu et al., 2025a). In pairwise judg-
ments, such coarse rewards often lead to superficial
reasoning: models may rely on surface features
like response order or keyword matching instead of
computational correctness, thus undermining judge
reliability. To our knowledge, J-ToRL is the first to
address this by enriching the reward structure with
auxiliary verifiable components and imposing a
reference-answer mechanism as a stricter criterion
than verdict accuracy alone.

We evaluate J-ToRL across diverse benchmarks:
JudgeBench, ReasoningJudgeBench, and pairwise
IF-Eval, spanning math, code, knowledge-based
QA, general reasoning, and the more open-ended
instruction following task. J-ToRL judges achieve
state-of-the-art performance among specialized
judges and approach frontier model capabilities
while reducing positional bias. Moreover, J-ToRL
induces beneficial cognitive behaviors, including
self-error-recovery and self-refinement of tool-use
strategies.

2 Related Works

2.1 LLM-as-a-Judge

LLM-as-a-judge is a paradigm that leverage LLMs
to assess candidate outputs via scoring, ranking
or selection with context and instructions, over-
coming limitations of traditional and small model-
based metrics (Li et al., 2025a). Existing research
on LLM-as-a-judge can be categorized into two
main paradigms: tuning-free generalist judges and
specialized fine-tuned judges. Tuning-free general-
ist evaluators leverage inherent LLM capabilities
via well-designed prompts, achieving flexibility
and scalability through in-context learning, task-
specific criteria addition, and CoT analysis (Fu
et al., 2024; Lin and Chen, 2023; Kotonya et al.,
2023). However, they suffer from biases (e.g., posi-
tion bias) that skew results, with mitigation strate-
gies including response-adapted references, multi-
agent collaboration, and divide-and-conquer meth-
ods (Raina et al., 2024; Zhang et al., 2024; Xu et al.,
2023). On the other hand, specialized fine-tuned
evaluators are trained on human-labeled preference
data via supervised fine-tuning (SFT) or RL to align
with expert judgments, ensuring higher accuracy
and domain-specific reliability (Xu et al., 2025b; Li
et al., 2024a; Wang et al., 2023; Kim et al., 2023).
Their key limitations lie in poor scalability and
generalization. Recent advances like Auto-J (Li
et al., 2023a) and FLAMe (Vu et al., 2024) address
this by integrating large annotated datasets with
in-context learning or multitask instruction tuning,
balancing adaptability and performance.

2.2 Tool-Integrated Reinforcement Learning

While LLMs showcased remarkable capabilities,
they are inherently limited by static parametric
knowledge and struggle with real-time informa-
tion and precise arithmetic. In response, Tool
Learning emerged as a promising paradigm, with
seminal works like ReAct (Yao et al., 2022) and
ToolFormer (Schick et al., 2023) showing models
can invoke APIs via tool tokens. Yet early ap-
proaches relied on few-shot prompting or SFT on
human demonstrations, constrained by annotated
data availability (Gao et al., 2023; Li et al., 2022).
To enhance tool usage, RL has been increasingly in-
tegrated into tool-augmented frameworks (Nakano
et al., 2021; Qiao et al., 2024). Recent works aug-
ment judges with verifiers (Li et al., 2024b; Peng
et al., 2025) or external tools (Zhuge et al., 2024;
Findeis et al., 2025) to improve reliability. How-
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Execution output

The user is asking for the value of Ii for the first diagonal maximum of the Fraunhofer
diffraction pattern of a circular aperture. Let’s clarify the physical meaning: ... , which is the
first zero of J1(z). ... Let’s compute it accurately using Python.

import math; from scipy.special import j1

X = 3.8317; J1_x = j1(x); I_over_I0Q = (2 * J1_x / x)**2; I_over_I@.eval()
SyntaxError: invalid syntax

I made a syntax error in the code. Let me correct it and properly execute the calculation ...
from scipy.special import j1; x = 3.8317

x = 3.8317; J1_x = j1(x); I_over_I0 = (2 * J1_x / x)**2; I_over_I0

1.5752 x 1072

Wait — this result is extremely small (= 1.57 X 107'2), which is incorrect. That cannot
be the intensity at the first minimum — it should be a finite, non-negligible value. Let me
double-check: the formula is:

At x = 3.8317, Ji(x) is approximately zero — that’s why the intensity drops to zero at the
first minimum. So the value of /I, at the **first minimum®** is zero — which makes sense. ...
Let me compute it numerically at x = 1.0, z = 1.5, z = 2.0, x = 2.5, x = 3.0.

from scipy.special import j1; from scipy.special import j1; x_values =
[1.0, 1.5, 2.0, 2.5, 3.0]; intensities = []; for x in x_values:; jl_val
= j1(x); intensity = (2 * jl_val / x)**2; intensities.append(intensity);
list(zip(x_values, intensities))
[(1.0, np.float64(0.77457807205)),
(3.9, np.float64(0.051093767714))]
The maximum of the first secondary lobe (after the central peak) occurs between x = 1.5
and z = 2.0, and the intensity drops from 0.55 to 0.33. ... Therefore, the answer is: <an-
swer>E</answer>. ... Assistant B is better because: ... picks the closest (0.175). Assistant A:
... - Mislabels it as a "maximum". ... Chooses (B) 0.215, which is not close. So Assistant B is

(1.5, np.float64(0.55341003886)), ... ,

correct in both physics and selection. Thus, Assistant B is better. \boxed{B}

Table 1: Case study from J-ToRL-Qwen3-4B-Inst on a problem from MMLU-Pro Physics within JudgeBench
showing the metacognitive behaviors of error-recovery from execution errors and strategy-refinement of tool usage.

ever, these approaches largely depend on static
prompting rather than learning on how to invoke
tools. Notably, existing LL.M-as-a-Judge frame-
works rarely integrate tools with RL to learn opti-
mal tool-use strategies for evaluation. We address
this gap by introducing one of the first frameworks
to apply Tool-Integrated RL to LLM-as-a-Judge.

3 J-ToRL: LLM-as-a-Judge with Tool
Integrated Reinforcement Learning

We formulate LL.M-as-a-Judge as a reasoning
problem in the common practice of pairwise set-
ting: given a prompt x and responses (Yq,Yp),
the judge selects preferred response by computing

Y(T, Yar yp) = arg mMaXye{y,,yp} fo(x,y), where
fo denotes a learned underlying scoring function.

Observing that purely language-based judges strug-
gle with tasks requiring precise computation, we
aim to enhance them by integrating code interpreter
within a multi-turn RL framework, enabling coding
tool invocation during chain-of-thought judgment.

We introduce J-ToRL (Judge with Tool-
Integrated Reinforcement Learning), a framework

for training tool-integrated LLM judges via RL di-
rectly from base models. Prior work has shown that
RL with verifiable rewards (RLVR) enables LLMs
to acquire tool-use capabilities through outcome
supervision (Guo et al., 2025; Li et al., 2025b),
but applying RLVR to LLM-as-a-Judge reveals a
critical tension: pairwise judgment is structurally
equivalent to multiple-choice QA with a binary
output space. While verdicts remain verifiable,
this coarse signal allows vastly different trajec-
tories—including those exploiting spurious cor-
relations—to receive identical rewards, encourag-
ing shortcuts over substantive reasoning or tool
use (Liu et al., 2025a). J-ToRL addresses this by
enriching the reward structure with auxiliary verifi-
able components that impose stricter criteria than
verdict accuracy alone, to reduce reward-equivalent
trajectories while preserving the pairwise format.

3.1 Multi-turn Reinforcement Learning with
Verifiable Rewards

We adopt GRPO (Shao et al., 2024), a variant
of REINFORCE (Williams, 1992) with group-
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based advantage normalization, to train the tool-
integrated judge my. Given a prompt-response tu-
ple (z,Y), we sample K rollouts {7;}}£, from
the current policy mg, where each rollout 7, =
(r(l), W oW M) (D) o(T),gj) contains in-
terleaved chain-of-thought steps (*), code blocks
), execution results o = £(c), and a final
prediction g. Each rollout is assigned a scalar re-
ward R; = R(y,y") based on the ground-truth la-
bel y* and the rollout desired qualities. The policy
is updated via the clipped policy gradient objective:

1 Ko

17 2 m Z min [wm(ﬁ) “Apts

Lcrro =
clip(wg ¢(6),1 — €low, 1 + €nign) - Ak,t]

- ﬁ : DKL(WOHWref)

where the token-level importance weight is defined
as the probability ratio:

7o (Th, (1) |75 The,<t)

7Teold (Tk‘7(t) ’$7 Tk’,<t)

wk,t(e) =

with 73, ; denoting the trajectory generated at step ¢
in rollout %, and 7, «; the preceding context. The
group-normalized advantage is computed over the
K rollouts sampled for the same input

4. R(m) —mean({7:};2,)
std({r: 1<)

Following recent advances in RL for LLM reason-
ing in DAPO (Yu et al., 2025b), we adopt asym-
metric clipping of clip-higher with €5y < €pign t0
encourage exploration of novel token sequences
while maintaining training stability. The coeffi-
cient 8 controls the strength of KL divergence
Dxy (mg|mrer) regularizing policy to remain close
to the reference model 7 to stabilize training.

3.2 Reward design

We enrich the reward structure beyond the verdict
accuracy alone, and design a structured reward
function R(7) comprising the components below:

Verdict Correctness (Ryyue) This basic reward
mechanism measures whether the judge’s predic-
tion aligns with the ground-truth preference, assign-
ing score of +1 for a match and -1 otherwise. We
utilizes final verdict extraction procedures from (Yu
et al., 2025b) and instruct the model to generate
final verdict according to the extraction format.

Source Dataset Task Source  Size
ToRL-Math math synthetic 7430
FOLIO logic synthetic 458
ReClor general synthetic 265
Ultralnteract pair code public 1000
Tulu-3-pref-personas instruction-following ~ public 1150
Chatbot arena conversations general public 1813

Table 2: Composition of the synthetically generated and
curated 12, 116 pairwise preference dataset across tasks.

Verdict Consistency (Rycons) Inspired by White-
house et al. (2025), we grant a stricter verdict-based
reward that enforces position invariance. Specif-
ically, we assign a reward of +1 iff the model
produces correct verdicts for both input orderings
(z,y1,y2) and (z,y2,y1); otherwise, the reward
is —1. Notably, this formulation encourages con-
sistent judgments independent of order, while re-
duces noise in the binary signal during RL train-
ing. To leverage this reward, we construct position-
agnostic batches and process both orderings of any
response pair within the same batch.

Reference Answer Correctness (Frans) We fur-
ther enrich the reward signal by incentivizing the
model to first solve tasks directly, particularly
for problems with definitive, verifiable answers.
Specifically, we assign a reward of +1 if the
predicted reference answer matches the ground-
truth answer for a given prompt z, and —1 if the
prediction is incorrect or if no gold answer ex-
ists but the prediction is not None. This design
discourages model from generating reference an-
swers for open-ended questions, e.g., in instruction-
following tasks. We instruct LLMs to generate the
reference answer within <answer></answer> tags;
which we parse for reward calculation.

3.3 Collection of Pairwise Preference Dataset

We construct a diverse training dataset via: (1)
synthetically generating pairwise preferences from
public QA datasets, and (2) curating existing pref-
erence datasets. For (1), we target three reasoning
domains with definitive answers: olympic-level
math problems from ToRL (Li et al., 2025b) for its
balanced difficulty distribution; logical reasoning
problems from FOLIO (Han et al., 2024), a human-
annotated dataset with automatically verified logi-
cal correctness; and reading comprehension prob-
lems requiring logical reasoning from ReClor (Yu
et al., 2020), drawn from standardized graduate
admission examinations (GMAT and LSAT). We
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JudgeBench

ReasoningJudgeBench

Model Tool SFT RL Avg.
Knowledge Math Reasoning Code Overall Multi-hop Math Everyday Domain Overall
Prompted Judges
GPT-40-mini - - 51.30 60.71 44.90 50.00  50.86 51.34 45.77 40.00 36.67 4039 45.63
GPT-40 - - 50.65 57.14 46.94 47.62  50.29 40.13 54.23 3231 39.33 4525 4777
ol - - 78.57 92.86 82.65 92.86 83.71 77.59 90.38 58.15 65.33 7310 7841
Deepseek-R1 - - 7143 89.29 73.47 7143 74.86 65.05 86.15 40.00 41.67 58.53 66.70
03-mini - - - 66.23 85.71 79.59 92.86 76.28 65.72 91.92 49.85 57.33 65.14  70.71
Qwen3-8B X X X 40.25 68.00 56.12 4523 4971 4229 70.44 28.07 23.66 37.83  43.77
Qwen3-4B-Instruct-2507 X X X 55.84 66.07 71.55 7142 6543 58.23 34.89 31.03 47.66 46.33 55.88
Qwen3-8B v X X 46.75 55.35 46.93 4047 4743 15.71 34.90 11.45 2233 17.26 3235
Qwen3-4B-Instruct-2507 v X X 57.14 71.42 73.46 59.52  64.29 45.53 59.98 26.54 40.66 43.49 53.89
Small Specialized Judges
CompassJudger-7B X v X 4545 73.21 45.92 38.10 49.14 34.95 50.38 32.62 38.00 3776 4345
RISE-Judge-7B X X v 44.81 57.14 35.71 47.62  44.57 28.60 51.15 31.69 36.00 34.73 39.65
J4AR-Qwen-Inst-7B X X v 51.30 62.50 52.04 4286  52.29 38.96 59.62 31.38 46.33 41.74  47.02
J4AR-CJ-7B X v v 55.19 71.43 54.08 56.86  56.86 39.80 61.15 36.92 42.33 45.04 5095
CompassJudger-14B X v X 46.75 73.21 45.92 42.86  50.29 37.29 51.54 28.92 36.00 37.69  43.99
RM-R1-Distill-14B X X v 4221 57.14 50.00 4286  46.86 47.16 68.08 3477 25.33 4370 4528
J-ToRL-Qwen3-8B (ours) v X v 51.29 76.78% 48.97 50 54.57 54.86* 72.11 36.34* 41.33*%  51.79* 53.18*
J-ToRL-Qwen3-4B-Inst (ours) v X v 64.28* 85.71% 84.69* 76.19 74.86* 62.48* 86.79%  43.72* 52.00 62.24*%  68.55*
Large Specialized Judges
RISE-Judge-32B X X v 46.75 60.71 36.73 5238  46.86 45.65 55.38 27.69 40.33 4235 4461
CompassJudger-32B X v X 50.00 69.64 53.06 5476 5457 49.16 60.77 38.15 38.00 46.53  50.55
RM-R1-Distill-32B X X v 45.45 64.29 60.20 59.52  54.29 52,51 69.23 33.85 28.00 4639 5034
Self-Taught-70B X 4 X 50.65 58.93 42.86 4048 4857 45.32 39.62 2831 35.67 38.64  43.61
EvalPlanner-3.3-70B X X v 55.80 69.60 56.10 4290  56.60 - = -

Table 3: Results on position-consistent accuracy, with bold indicates best within each model category, underline
indicates overall best, and results with * being significantly better (p < 0.05) from its base. Our J-ToRL-Qwen3-4B-
Inst achieves state-of-the-art among specialized judges while remaining competitive with frontier reasoning models.

generate the pairs of correct-incorrect responses by
sampling GPT-4o (Hurst et al., 2024), with correct-
ness determined by ground-truth verification. We
utilize the gold answer from these public QA as the
gold reference answer for R, calculation.

We additionally incorporate publicly available
preference datasets spanning complementary tasks
that are more open-ended. For code generation,
we sample the codecontest subset of Ultraln-
teract_pair (Yuan et al., 2024), stratified by av-
erage response pair length. For instruction fol-
lowing, we draw from the corresponding subset
of the Tulu preference dataset (Lambert et al.,
2024). Finally, we sample Chatbot Arena conver-
sations (Zheng et al., 2023), filtering for English
responses from a curated set of stronger LLMs
(gpt-4, gpt-3.5-turbo, claude-v1, palm-2,
vicuna-13b, wizardlm-13b), excluding tied pairs.
Complete dataset statistics are noted in Table 2.

3.4 Training strategies
We implement J-ToRL on top of verl (Sheng et al.,
2024) and follow Feng et al. (2025) strategies.

Sandbox construction for tool call execution
To accelerate multi-turn RL training, we use

the asynchronous code sandbox environment
from Feng et al. (2025), which employs Sandbox
Fusion! for isolated execution. This architecture
eliminates GPU idle time during tool execution
by operating sandbox pods as distributed workers
that dynamically retrieve tasks based on capacity.
This design enables efficient load balancing across
GPUs, mitigates degradation from long-tailed re-
quests, and maintains consistent throughput by pre-
venting slower threads from becoming bottlenecks.

Error message processing To improve training
effectiveness, we implement targeted error han-
dling optimizations. Sandbox Fusion produces ver-
bose tracebacks that include extraneous file path
information, unnecessarily inflating context length
and introducing irrelevant contexts. We address
this by extracting only the terminal lines of each
error message (e.g., NameError: name ’symbols’
is not defined), thereby preserving essential di-
agnostic information within the chain-of-thought.

Interpreter feedback mask We apply loss
masking to code execution feedback output en-
closed within <interpreter></interpreter>

"https://github.com/bytedance/SandboxFusion
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tags, thereby excluding sandbox-generated tokens
from the training objective. This approach prevents
external content from perturbing the loss landscape,
preserves the integrity of LLM’s own reasoning
chains, ensuring training stability, and encourages
the learning of generalizable reasoning patterns
rather than memorizing specific execution outputs.

4 Experiment Setups

Evaluation datasets We evaluate our method on
two challenging benchmarks designed to assess
LLM-based judges on complex reasoning tasks.
JudgeBench (Tan et al., 2024) is a benchmark
for evaluating LLM-based judges on challenging
tasks spanning math, code, knowledge QA, and rea-
soning. JudgeBench emphasizes factual and logical
correctness through 350 response pairs. Aligning
with prior work, we report position-consistent ac-
curacy on the GPT-40 response subset.
ReasoningJudgeBench (Xu et al., 2025a) is
a challenging benchmark which consists of 1483
GPT-40 response pairs that aims to evaluates judges
in diverse reasoning settings. It comprises four
splits: multi-hop, math, domain, and everyday
reasoning (e.g., common-sense, causal, inductive),
constructed from eight source of questions. Follow-
ing Xu et al. (2025a), we report position-consistent
accuracy to evaluate all of the responses.
PPECorrectness-IFEval (Frick et al., 2025)
The IFEval subset evaluates alignment in Best-of-
N instruction-following task with responses from
four models. Consistent with prior work, we report
accuracy over random ordered 2560 response pairs.

Baselines We compare our method against multi-
ple strong judges: Skywork (Shiwen et al., 2024),
CompassJudger (Cao et al., 2024), RISEJudge (Yu
et al., 2025a), Self-Taught-Evaluator (Wang et al.,
2024), EvalPlanner (Saha et al., 2025), DeepSeek-
GRM (Liu et al., 2025b), RM-R1 (Chen et al.,
2025), AgentRM (Peng et al., 2025), J1 (White-
house et al., 2025), J4AR (Xu et al., 2025a), GPT-
40 (OpenAl, 2024a), OpenAl ol, 03-mini (Ope-
nAl, 2024b), DeepSeek-R1 (Guo et al., 2025),
Llama (Grattafiori et al., 2024), no-thinking
Qwen3 (Team, 2025). We took performances from
official numbers if exist, or as reported and imple-
mented in Whitehouse et al. (2025) and Xu et al.
(2025a). We did not compare our method with any
SFT baselines, since our RL setup does not require
ground-truth tool-augmented response trajectories
as it is required in any SFT setup.

Models #Pref. Pairs JudgeBench IFEval
Base LLM-as-a-Judge

Llama-3.1-8B-Instruct 32.30 52.80
Llama-3.3-70B-Instruct 48.60 62.30
Qwen3-8B 49.71 53.75
Qwen3-4B-Instruct-2507 65.43 62.69
SOTA LLM-as-a-Judge

J1-Llama-8B 22K 42.00 54.00
Skywork-Reward-Gemma-2-27B 80K - 58.30
DeepSeek-BTRM-27B 237K - 66.00
EvalPlanner-Llama-70B 22K 56.60 64.30
J4R-CJ-7B 10K 56.86 -
J1-Llama-70B 22K 60.00 67.30
J1-Qwen-32B-MultiTask 22K 71.40 69.50
Tool-Integrated LLM-as-a-Judge

Qwen3-8B 47.43 49.41
Qwen3-4B-Instruct-2507 64.29 62.03
AgentRM 8B + 8B 59.40 73.00
J-ToRL Models (Ours)

J-ToRL-Qwen3-8B 12K 54.57 62.10%
J-ToRL-Qwen3-4B-Inst 12K 74.86* 68.82*

Table 4: Position-consistent accuracy on JudgeBench
and accuracy comparison on IFEval. J-ToRL sig-
nificantly improves the base models on instruction-
following task, and J-ToRL-Qwen3-4B-Inst achieves
competitive performances compared to the large judges.

Training hyperparameters We initialize our
judges from base LLMs capable on general
problem-solving and code generation: Qwen3-8B
and Qwen3-4B-Instruct-2507 (Team, 2025). We
utilize the models’ default tool call formatting sys-
tem prompt and further instruct the model to invoke
code execution or generate reference answers in
their judgments as needed (see Appendix 11). We
further train the models using Group Relative Pol-
icy Optimization (GRPO) (Shao et al., 2024) with
the reward mechanism of Rycons + Rrans, group
size of n = 8, max response length of 8192 tokens,
batch size of 128, and KL divergence coefficient
BkL = 0. We cap the number of tool calls permit-
ted per response by 8 and ignore subsequent code
execution requests. The models are updated using
learning rate of 1 x 1210~% with cosine decay. The
experiments are done on 8 x A800 80GB GPUs.

S Results and Analysis

5.1 Main Performances

Table 3 and 4 presents the performances of our pro-
posed J-ToRL models compared against existing
judge models across benchmarks.
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Models (AB -BA) Acct CAcc?T Flipl
EvalPlanner-Llama-8B 38.20 - 62.80 30.30  30.50
J1-Llama-70B 72.90 - 72.30 61.20 21.90
J1-Qwen-32B-MultiTask 76.80 - 76.20 67.00 17.00
Qwen3-8B (no thinking) 63.14 - 61.71 4971  33.82
Qwen3-4B-Instruct-2507 75.43 -76.57 6543  20.23
J-ToRL-Qwen3-8B (ours) 66.29 - 67.43 54.57  23.51
J-ToRL-Qwen3-4B-Inst (ours) 80.00 - 81.43 74.86  10.23

Table 5: Results on JudgeBench comparing judgment
bias of J-ToRL models and prior judges. J-ToRL reduces
positional-bias from its base, with J-ToRL-Qwen3-4B-
Inst demonstrate the overall lowest positional bias.

J-ToRL-trained model provides consistent im-
provements over base models. J-ToRL yields
consistent improvements over base models without
tools. As shown in Table 3, J-ToRL-Qwen3-4B-
Inst achieves 68.55% average performance, repre-
senting a +12.27 point improvement over its base,
Qwen3-4B-Instruct-2507 (56.28%). The gains
are particularly pronounced on reasoning-intensive
tasks: on ReasoningJudgeBench, J-ToRL-Qwen3-
4B-Inst improves by +16.25 points from base, with
the largest gain of +46.45 points in math. Fur-
thermore, J-ToRL also improves performance over
base on instruction-following tasks by +6.3 points
(Table 4). Interestingly, integrating coding tools
directly at inference time yields suboptimal results.
We conjecture that this limitation stems from insuf-
ficient exposure to coding tool use in judging con-
texts during prior training, which constrains LLMs
to strategically leverage such tools. Despite this
challenge, our J-ToRL framework enables LLMs
to effectively utilize coding tools, achieving gains
beyond the base models. These results demonstrate
that J-ToRL approach substantially enhances the
judgment capabilities of the base model.

J-ToRL helps to achieve comparable perfor-
mances with state-of-the-art large judges. Ta-
ble 3 shows that J-ToRL-Qwen3-4B-Inst achieves
the highest overall performance (68.19%) among
all specialized judges, including those of larger
judges. Furthermore, in Table 4 we can see that J-
ToRL-Qwen3-4B-Inst achieved competitive perfor-
mances on judging for the open-ended instruction-
following task. This strong performance is at-
tributable to both the capable base model and our
J-ToRL training: while Qwen3-4B-Instruct-2507
outperforms most judges as a prompted judge, J-
ToRL provides further gains that widen this margin.

5.2 Case Study on Tool Usage Cognitive
Behaviors

We further examine how J-ToRL-trained judges
leverage tools to illustrate several metacognitive
behaviors. Table 1 presents a case in JudgeBench,
where J-ToRL-Qwen3-4B-Inst evaluates responses
to a question from MMLU-Pro Physics. This
case demonstrates that the model grounds its judg-
ments in execution outputs and contrasting re-
sponse pairs. Interestingly, the model exhibits self-
error-recovery: after an initial syntax error, it self-
debugs and re-executes corrected code. Further-
more, it conducts self-strategy-refinement of tool
usage: pivoting from direct calculation to numeri-
cal search through code execution across multiple
points to locate the correct maximum.

We provide an estimate on the success rate
of error recovery, and implement an automatic
trajectory-level labeler to identify whether recov-
ery occurs in the given rollout. Specifically, we
retained trajectories that have explicit error mes-
sages in the tool execution output. For each tool
call and its preceding texts within these trajectories,
we leverage the 04-mini model to automatically de-
termine: (a) whether there is an acknowledgment
of prior errors, and (b) if the generated Python
code can be successfully executed. Based on this
analysis, we observed that erroneous implementa-
tions appear in 26.7% of trajectories generated by
J-ToRL-Qwen3-4B-Inst. Within these erroneous
trajectories, successful error recovery was achieved
in 56.5% of the cases. These behaviors suggest
that J-ToRL produces judges capable of not only
executing tools but also monitoring, validating, and
adaptively refining its tool use strategies.

5.3 Analysis on Judgment Positional Bias

We further analyze the impact of J-ToRL in mit-
igating position bias. We report in Table 5, each
accuracy for both responses orders, the position-
consistent accuracy (CAcc): proportion of exam-
ples judged correctly in both orders, and verdict-
flips (Flip): proportion where the verdict changes
when the order is swapped. We observe that the
J-ToRL judgment improves the base models on the
position consistent accuracy and decreases verdict-
flips. Furthermore, the J-ToRL-Qwen3-4B-Inst
demonstrate the lowest positional bias, with only
~ 10% of its verdict flipped through order changes.
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Experiment Settings JudgeBench

ReasoningJudgeBench

Avg.

Tool RL Knowledge Math Reasoning Code Overall Multi-hop Math Everyday Domain Overall
X X 55.84 66.07 77.55 7142  65.43 58.23 34.89 31.03 47.66 46.33 55.88
X v 57.79 78.57* 80.61 73.81 69.43* 59.98%* 53.04* 34.39% 51.33 50.97*  60.20%*
v X 57.14 71.42 73.46 59.52  64.29 45.53 59.98%* 26.54 40.66 43.49 53.89
v v 62.99* 78.57* 81.63 78.57 72.57* 60.34 47.59%  34.85% 53.00*  51.65* 62.11*

Table 6: Effect of tool integration and RL training with a controlled Rycons reward. Instructing the LLM to use the
coding tool yields suboptimal performance, while RL training enables the model to learn effective tool utilization in
their judgments. Results marked with * are significantly better than the first row baseline at p < 0.05.

Experiment Settings JudgeBench ReasoningJudgeBench Ave
\}.8
RL Reward Knowledge Math Reasoning Code Overall Multi-hop Math Everyday Domain Overall
X - 57.14 71.42 73.46 59.52 64.29 45.53 59.98 26.54 40.66 43.49 53.89
v Rytrue 57.79 76.79 83.67* 78.57*%  70.57* 55.90%* 43.17 34.68% 46.67%  46.66*  58.62*
v Rycons 62.99 78.57 81.63 78.57%  72.57* 60.34* 47.59 34.85% 53.00*  51.65* 62.11*
V' Rycons + Rrans 60.39 82.14* 82.65% 83.33*%  72.86* 55.77* 76.20%  38.43* 51.33*%  56.91* 64.89*

Table 7: Effect of correctness-type rewards. Adding R.,,s improves learning signal clarity, yielding judge with
highest overall performance. Results marked with * are significantly better than the first row baseline at p < 0.05.

Experiment Settings JudgeBench

ReasoningJudgeBench

Avg.
RL Reward Knowledge Math Reasoning Code Overall Multi-hop Math Everyday Domain Overall
X - 57.14 71.42 73.46 59.52 6429 45.53 59.98 26.54 40.66 4349  53.89
v Rycons 62.99 78.57 81.63 78.57*%  72.57* 60.34* 4759  34.85% 53.00%  51.65* 62.11*
V' Ruycons + (Ricformat A Rexcalicode) 60.39 75.00 74.49 78.57%  68.86* 48.92 11.05 29.93 4533 37.90 5338
V' Rycons + (Rictormat A Rexelastcode) 61.04 85.71%* 77.55 85.71%  72.57* 56.28* 29.37  33.62% 48.33*%  46.39*%  59.48*

Table 8: Effect of tool-specific rewards. Incorporating tool-specific rewards yields no performance gain over
correctness-based reward alone. Results marked with * are significantly better than the first row baseline at p < 0.05.

6 Ablation Studies

We conduct controlled ablation studies to analyze
training aspects. Unless otherwise specified, the
ablations are done on Qwen3-4B-Instruct-2507
with the same setup as in the main training, for one
epoch, on synthetic pairs from FOLIO (logic), Re-
Clor (general reasoning), and ~ 800 samples from
ToRL (math), due to computational constraints.

6.1 Effects of Tool Use and RL Training

We study the contributions of tool integration
and RL using only the verdict consistency reward
(Rycons) in Table 6. RL significantly improves con-
sistent accuracy for judgments with and without
coding tool use. Notably, instructing LLM to uti-
lize code execution without RL degrade judgment
performance. We attribute this degradation to dis-
tribution shift: insufficient exposure to coding tool
use in judgment contexts during prior training con-
strains the model’s ability to strategically leverage
such tools. In contrast, RL training with straight-
forward correctness-based rewards, even without

extensive data, enables effective tool utilization and
achieves significantly higher consistent accuracy.

6.2 Effects of Correctness-Based Rewards

We further examine tool-integrated judges to as-
sess the impact of correctness-based reward mech-
anisms (see Table 7). Our results demonstrate that
RL training effectively produces judges capable
of general-purpose evaluation. Consistent with
Whitehouse et al. (2025), rewarding verdict cor-
rectness alone (Ryye) yields inferior performance
compared to incentivizing consistent verdict cor-
rectness (Rycons). Furthermore, incorporating ref-
erence answer rewards (Rpans) yields significant
improvements, achieving a 4.45% overall gain over
verdict-only rewards. This gain is particularly pro-
nounced on mathematical reasoning tasks, where
reference answers provide an anchor against which
pairwise responses can be directly compared.

6.3 Negative Effect of Tool-Specific Rewards

We also conduct further experiment to extend J-
ToRL training with tool-specific rewards Ryo01. We
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define two straightforward reward components: (1)
a format reward Ricformat, Which assigns +1 if the
output contains properly formatted code execution
requests within <tool_call></tool_call> tags,
—1 otherwise; and (2) an execution reward Rexecodes
as Rexeallcode OF Rexelastcode that verify whether all
generated code snippets or only the final snippet, re-
spectively, execute without errors (41 if error-free,
—1 otherwise). We grant a composite reward Ry
of +1 when both Ricformat and Rexecode are satisfied,
and —1 otherwise. To discourage unnecessary tool
use, we set Ry = —1 when LLM invokes code
execution on tasks that inherently do not require
such tools (i.e., in ReClor), and Ry, = +1 when
it appropriately abstains. Results are in Table 8.
Our experiment with Rexelastcode Manage to out-
performs the one with Rexealicode- W€ conjecture
that this more permissive reward allows LLMs to
develop beneficial cognitive behaviour in tool us-
age, like self-correct, albeit making mistakes at
first. Similar with (Li et al., 2025b), we find that in-
corporating Ry yields no performance gain over
correctness-based rewards alone. We conjecture
that penalizing execution errors encourages the
model to generate overly simplistic code, thereby
hindering its ability to solve problems correctly.

7 Conclusion

In this work, we presented J-ToRL, an end-
to-end RL framework that trains LLM-based
judges to invoke computational tools and to in-
tegrate tool outputs into their judgments. Experi-
ments across benchmarks demonstrate that J-ToRL-
trained judges improve over their base counterparts
and achieve state-of-the-art performance among
specialized judges while narrowing the gap to fron-
tier judge models. Moreover, J-ToRL framework
produces judges capable of monitoring, validat-
ing, and adaptively refining its tool usage strategies.
These findings suggest that end-to-end RL tool inte-
gration is a promising path toward building judges
for evaluations demanding precise computations.

Limitations

Our current framework primarily utilizes code in-
terpreters; extending to a broader tool ecosystems
such as retrieval, theorem provers, simulators and
to multimodal evaluation would further increase its
applicability. Further, although our training data
spans diverse task types, the distribution may not
fully capture the long-tail of real-world evaluation

scenarios, particularly in open-ended creative or
subjective assessment tasks where tool utility is
less clear. Our current experiments explicitly fo-
cus on judgment tasks within reasoning domains,
which inherently have clear, non-subjective refer-
ence answers. Nonetheless, our proposed frame-
work is generalizable to more open-ended, sub-
jective, or creative tasks. For instance, by lever-
aging rubric-based rewards as auxiliary training
signals (Gunjal et al., 2026), structured rubrics can
effectively decompose holistic judgments into mul-
tiple verifiable sub-criteria (e.g., grammatical cor-
rectness, coherence, stylistic adherence). This ap-
proach enriches the reward structure by providing
a fine-grained, multi-dimensional feedback struc-
ture even in the absence of explicit gold standards.
Importantly, such structured rubrics impose stricter
evaluative criteria compared to accuracy on prefer-
ence judgments alone, as models must concurrently
meet multiple precise conditions. We hope J-ToRL
serves as a step toward a scalable general evalua-
tion systems that are more capable and trustworthy.
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Appendix
A Further Training Details

KV-cache reuse. We follow (Feng et al., 2025)
implementation in verl to reduce rollout memory
overhead, and cache all KV-cache computed before
code execution. We avoid recomputation and only
compute-append the KV-cache corresponding to
interpreter feedback. This strategy substantially re-
duces KV-cache memory footprint across rollouts.

B Prompt Templates

We attach the prompt templates utilized in all of
our experiments in Table 9, 10, and 11.
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You are given a [User Question] and two responses from two Al assistants. Act as an impartial judge and evaluate which
response better follows the user’s instructions and provides a higher-quality answer. Let’s think step by step.

Identify any flaws and weakness in logic, incorrect computations, or invalid assumptions in each response. Identify any
incorrect or invalid reasoning steps within both of the responses. If the [User Question] is exact (have a single correct
answer), you can first work through the problem to derive the correct reference answer and then compare each response
against it to judge how well the responses satisfy the reference answer. If the [User Question] is relative (do not have one
fixed answer), derive the evaluation criteria for a high-quality response and compare each response against them to judge
how well the responses satisfy these criteria. Be explicit in your thought process on evaluating the reasoning and thinking
behind each responses.

At the end of your output, write your final verdict on which assistant is better, by strictly following this format: if
assistant A is better, if assistant B is better.

Table 9: J-ToRL prompt template for experiments without the coding tool integration.

You are given a [User Question] and two responses from two Al assistants. Act as an impartial judge and evaluate
which response better follows the user’s instructions and provides a higher-quality answer. You have the ability to write
executable Python code to enhance your reasoning process, especially when the [User Question] involves math or
logic. Let’s think step by step.

Identify any flaws and weakness in logic, incorrect computations, or invalid assumptions in each response. You can
generate Python code to help identify any incorrect or invalid reasoning steps within both of the responses. If the [User
Question] is exact (have a single correct answer), you can first work through the problem to derive the correct reference
answer and then compare each response against it to judge how well the responses satisfy the reference answer. You can
generate Python code to help derive the reference answer. If the [User Question] is relative (do not have one fixed
answer), derive the evaluation criteria for a high-quality response and compare each response against them to judge how
well the responses satisfy these criteria. Be explicit in your thought process on evaluating the reasoning and thinking
behind each responses.

At the end of your output, write your final verdict on which assistant is better, by strictly following this format: if
assistant A is better, if assistant B is better.

Table 10: J-ToRL prompt template for experiments with coding tool integration.

You are given a [User Question] and two responses from two Al assistants. Act as an impartial judge and evaluate
which response better follows the user’s instructions and provides a higher-quality answer. You have the ability to write
executable Python code to enhance your reasoning process, especially when the [User Question] involves math or logic.
Let’s think step by step.

Identify any flaws and weakness in logic, incorrect computations, or invalid assumptions in each response. You can
generate Python code to help identify any incorrect or invalid reasoning steps within both of the responses. If the [User
Question] is exact (have a single correct answer), you can first work through the problem to derive the correct reference
answer and then compare each response against it to judge how well the responses satisty the reference answer. You
can generate Python code to help derive the reference answer. If you derive the reference answer, state the reference
answer by strictly following this format <answer>reference_answer</answer>. If the [User Question] is relative (do
not have one fixed answer), derive the evaluation criteria for a high-quality response and compare each response against
them to judge how well the responses satisfy these criteria. Be explicit in your thought process on evaluating the reasoning
and thinking behind each responses.

At the end of your output, write your final verdict by strictly following this format: if assistant A is better, if
assistant B is better.

Table 11: J-ToRL prompt template for experiments with coding tool integration and reference answer rewards
(Rrans)-
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